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Abstract

There is unavoidable heterogeneity in the databanks
and databases currently used for biological data col-
lections. We are aiming to develop a system that
will provide uniform access to heterogeneous databases
via a single high-level query language or graphical in-
terface and will enable multi-database queries. We
have taken an approach in which high-level code in
an object-oriented database system (based on the func-
tional data model) is used effectively as a mediator be-
tween distributed heterogeneous databases. The result-
ing system enables us to ask queries that combine, for
example, geometric calculations on three-dimensional
protein structures stored locally and access to data-
banks held at the European Bioinformatics Institute,
while making use of existing search engines and in-
dexes when accessing remote data.

Keywords: bioinformatics, functional data model, me-
diator, multi-database, Prolog.

1 Introduction

Molecular biology provides one of the most chal-
lenging application domains for database research.
This is because of the rich variety of data, from
genome sequences through data on protein structure
and function to data on full organisms, and also the
large quantities of data that are becoming available
at present through modern experimental techniques.
This is a rewarding application area since develop-
ments in our ability to integrate and analyse these
data can lead to an increase in our understanding of
biological function at all levels.

The term bioinformatics refers to the application

of computers in addressing biological problems, and is
most frequently used in relation to storing and search-
ing genome sequence data and protein sequence data.
These data sets are essentially “one-dimensional”,
with genome sequences consisting of letters represent-
ing the sequence of the four bases in a nucleic acid
chain, and protein sequences consisting of letters rep-
resenting the sequence of amino acid residues in a
protein chain. The European Bioinformatics Insti-
tute (EBI) was established in 1994 as an outstation of
the European Molecular Biology Laboratory (EMBL),
with the development and distribution of sequence
databases as one of its major roles.

Bioinformatics covers other areas including protein
structure analysis and modelling, and this has been
the focus of our work in Aberdeen [10] [15]. This work
has made use of an object-oriented database, P/FDM
[9], which is based on the functional data model [22].
Protein structure data has very different characteris-
tics to sequence data, and we have found P/FDM to
be well suited to answering queries requiring geometric
calculations combined with data retrieval.

This paper describes recent work in which we have
used the functional data model and the P/FDM sys-
tem to integrate data held locally on protein struc-
tures with databanks at the EBI. The resulting sys-
tem enables us to ask queries that combine, for exam-
ple, geometric calculations on three-dimensional pro-
tein structures and access to data at the EBI, while
making use of existing search engines and indexes de-
veloped at EMBL/EBI when accessing remote data.
First, we shall look at some examples of bioinformat-
ics data resources and consider why heterogeneity is
important. We shall then discuss two alternative ar-
chitectures for achieving our objectives. We shall de-
scribe with examples how we have integrated remote



and local data, and then discuss how Prolog and the
P/FDM system play the role of a mediator in the re-
sulting multi-database system.

2 Heterogeneity in molecular biology
databases

Many different file and database management sys-
tems are currently in use with biological data sets.
There are several databanks with data on proteins
and other biological molecules at the EBI. These data-
banks consist of readable flat files of data. Each data-
bank contains a different kind of data, and each has its
own format for its entries. The EMBL and Swissprot
databanks are respectively the principal genome and
protein sequence databank at the EBI. Other data-
banks include the Medline bibliographic databank and
HSSP databank of homology-derived structural infor-
mation about proteins.

The Protein Data Bank (PDB) [2] is a collection of
three-dimensional protein structures which have been
determined by X-ray crystallography or nuclear mag-
netic resonance. The PDB is distributed in flat-file
format, although various projects have taken data
from the PDB and reorganised it using relational or
object-based systems. The BIPED [12] and SESAM
[11] projects both used commercial database manage-
ment systems. The ALI interface to SESAM provides
a query language that enables queries involving amino
acid residues at relative offset positions in a protein
chain to be expressed easily, and answered efficiently
by taking advantage of the known tuple ordering.

In our own work we have taken protein structure
data from BIPED, SESAM and PDB and, in the case
of antibodies, protein sequence data from the Kabat
databank, storing these in accordance with a func-
tional data model [10] [17].

Object models are gaining in popularity in the
genome community, who recognise the need to in-
tegrate heterogeneous resources, and believe that
schema based on an object model will help with this
integration. The current release of the Genome Data
Base (GDB Version 6) uses the Object-Protocol Model
(OPM) [5], and the ACEDB model [6] is widely used
with various specialised collections of genetic data.

There are several reasons why this heterogeneity
has arisen. For example, experimental scientists are
usually the custodians of these data collections and
they are likely to use whatever tools were known and
available to them. They may choose a simple physical
representation to make porting and exchanging data

easy.

A more significant reason is that certain physical
representations are more appropriate than others for
particular kinds of data, and are better suited to the
kinds of searches performed against those data. Fre-
quently a great deal of effort goes into developing cus-
tomised search engines to answer particular kinds of
query efficiently, and in developing graphical interfaces
tailored to the application. We should like to take ad-
vantage of this earlier investment by making use of
existing search engines whenever possible.

3 Alternative architectures for inte-
grating databases

We are aiming to develop a system that will provide
uniform access to heterogeneous databases via a single
high-level query language or graphical interface and
will enable multi-database queries. This objective is
illustrated in Figure 1. Data replication and multi-
databases are two alternative approaches that could
help us to meet this objective.

3.1 Data replication approach

“Data replication” would be one possible ap-
proach. In this architecture, all data from the var-
ious databases and databanks of interest would be
copied to a single local data repository, under a single
database management system. This approach is taken
by Rieche and Dittrich [20] who propose an architec-
ture in which the contents of biological databanks in-
cluding the EMBL nucleotide sequence databank and
Swissprot are imported into a central repository.

However, we believe that a data replication ap-
proach is not appropriate for this application domain
for several reasons:

Space. The amount of biological data in existing
databanks and databases is very large, and new data
are being generated at an increasing rate. Few sites
have sufficient disc space to mirror all data that may
be needed by that site’s users. Currently, national
bioinformatics nodes provide a repository service for
many databanks. However, a site wishing to integrate
its private local data with the existing shared resources
would be forced to mirror (at least part of) these.

Updates. Scientists want access to the most re-
cent data. They want on-line access to results re-
ported in the current journals as soon as these have
been deposited in a databank or database. When-
ever one of the contributing databases is updated the
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Figure 1: Users should be able to access heterogeneous distributed bioinformatics resources via a single query language

or graphical user interface.

same update should be made to the data repository.
(Changes and deletions are sometimes made to biolog-
ical databases, but are much less frequent than addi-
tions.)

Advantages of heterogeneity.  Significantly, by
adopting a data repository approach the advantages
of the individual heterogeneous systems are lost. For
example, many biological data resources have their
own customised graphical interfaces and search en-
gines. These will be tailored to the particular phys-
ical representation used with that data set. Rieche
and Dittrich [20] acknowledge the need to use existing
software and propose implementing “exporters” to ex-
port and convert data from the data repository into
files that can be used as input to software tools.

In summary, we believe that a data replication ap-
proach would require software, hardware and human
resources beyond what is reasonably available at each
site that would want to use the data.

3.2 Multi-database approach

We favour a multi-database approach which makes
use of existing remote data sources, with data de-
scribed in terms of entities, attributes and relation-
ships described in a high-level schema. The schema
is designed without regard to the physical storage for-
mat(s). Queries are expressed in terms of the con-
ceptual schema and it is the role of a complex soft-
ware component called a mediator [23] to decide what
component data sources need to be accessed to an-
swer a particular query, to organise the computation
and to combine the results. The suitability of a multi-
database approach for integrating biological databases
is also proposed by Karp [14].

With reference to the points listed in Section 3.1:
e No extra space is needed locally, apart from a tem-
porary cache for results retrieved from remote sites.

e Since a single copy of the data is used with no lo-
cal mirroring, all updates to the remote component
databases are immediately available.

e Our multi-database does not affect other users of
the component data resources who can, if they wish,
continue to use these exactly as before. Furthermore,
we can take advantage of customised software tools by
sending requests to these from the mediator.

e We do not need to import large data sets from a va-
riety of sources. Nor do we need to convert all data for
use with a single physical storage schema. However,
extra effort is needed to achieve a mapping from the
component databases onto the conceptual model.

4 Accessing databanks at the EBI via
P/FDM

One way to examine entries in the databanks at the
EBI is to browse interactively. This can be done using
WWW browsing tools like Netscape. In doing this,
databank entries are presented as HTML documents,
with links to enable the user to jump to related entries
in other databanks. However, the user has to control
the navigational search by mouse-clicks, which is awk-
ward when sets of results satisfying various criteria are
wanted. Instead, it is better to use a database query
language to automate the process.

Browsing across databanks is facilitated by the SRS
system [7]. The Sequence Retrieval System (SRS)
maintains indexes relating entries in one databank to
entries in others. Thus, SRS maintains a large net-
work of related databank entries. SRS provides search
tools that enable users to retrieve particular entries or
to find the accession codes of entries that satisfy speci-
fied criteria, e.g. entries with fields that match a given
pattern string, or fields with numeric values in a given



range. SRS also provides “link” operators that enable
the user to follow cross references and find all entries in
one databank with corresponding entries in another.
These can even follow a chain of cross references where
there is no “direct” link between the two.

Locally, we store data in either hash files or rela-
tional tables. However, in addition to accessing local
data, we want to access data in databanks held at
EBI both from application programs and high-level
queries. In doing this, we aim to insulate the appli-
cation programmer or database user from requiring
to know either which particular databanks need to be
accessed or the details of the databank’s file format.

In addition to interactive access, SRS can also be
accessed from a running program via an FTP server
at EBI. Using this, it is possible to write programs
that generate FTP commands and thus interrogate the
SRS system automatically without intervention from
a human user. We have used this facility to provide
access to databanks at EBI from a P/FDM system
running at another site.

4.1 A simple mapping onto the FDM

In order to integrate data from different databanks,
we need to map data held in the databanks onto a con-
ceptual schema. In the functional data model schema
for our protein database we have several entity classes
including protein, chain and residue. Many databank
entries at EBI can be considered to be attributes of a
protein. A databank entry could simply be regarded
as a text string, but this would ignore the useful in-
formation that is implicit in the file layout, and which
can be interpreted by a scientist looking at a data file.
If we want this information to be used by a program,
then we need to write code that can extract infor-
mation from the databank files. The functional data
model schema allows us to define some attributes with
values stored in the database, while values for others
are derived on demand. The details are hidden from
the user, since a feature of Daplex is that calls to de-
rived attributes and stored attributes use the same
functional syntax.

A straightforward mapping is to map each data-
bank onto an entity class and then to consider each
databank entry to be an object instance. Thus
we would have entity classes like swissprot_entry
and embl_entry. Fields in these databanks can
be modelled by multi-valued string-valued functions.
For example, the function definition can be de-
fined on the class swissprot_entry and will return
the lines of a Swissprot databank entry beginning
with the code “DE”, and the function id can be

defined to return the text from the identification
line. The Daplex schema describing the mapping
to some of the databanks at EBI can be found at
http://www.csd.abdn.ac.uk/ gjlk/ssdbm8/schema.html.
Using this mapping, we can write the following Daplex
query to find the identifiers of all Swissprot entries
with the word “antigen” in their definition:

for each e in swissprot_entry such that
sub_string("antigen", definition(e))
print(id(e));

This would be translated into the following command
which is sent to the SRS FTP server:

get getz+[swissprot-def:antigen]+-f+’id’
/tmp/srsl

In P/FDM, Daplex queries are first translated to a
list comprehension [19] [13] [4] [16], as used in func-
tional programming, and this simplified form of the
query is used as the basis for further translation into
code that is executed to answer the query. Normally,
a Daplex query is translated to Prolog code that in-
cludes calls to primitive data access routines (these are
discussed elsewhere, e.g. [9]). In our present work we
have written an extension to the P/FDM code gener-
ator that can produce SRS code matching a given list
comprehension for queries. The translation process is
illustrated in Figure 2.

The results of running the SRS query are stored
in a file on the local machine. For this query, the
contents of this file will simply be displayed to the
screen. However, for more complex queries, further
processing may be done on the result files retrieved
from the SRS server (see Section 4.2).

A second example Daplex query demonstrates how
we can combine local and remote data (Figure 3).
This query accesses our antibody database [17]. Re-
sults retrieved from the EBI are presented to the user
along with data values retrieved from the local anti-
body database. The distance calculation made in this
query is the simplest kind of geometric calculation that
we make. Our Daplex queries frequently include calls
to functions written in C to measure bond angles and
torsion angles, and calls to FORTRAN code to super-
pose one structural fragment on another to compare
three-dimensional similarity.

We are currently limited to using a single variable to
make a join between a local sub-query and the remote
sub-query. However, the local sub-query can itself be
arbitrarily complex, and the complexity of the remote
sub-query is constrained by the capabilities of SRS e.g.
all values returned from an SRS query must be from
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Figure 2: A Daplex query may be translated into Prolog
code to access data held locally or SRS code to access
data at EBI. However, some Daplex queries will need to
access both local and remote data and so will be trans-
lated into a combination of Prolog and SRS code.

the same databank (although the query may check
on values in related entries in different databanks).
Future work includes extending the system to handle
more complex queries involving several joins between
local and remote databases.

4.2 A more sophisticated mapping onto
the FDM

The simple mapping used in the previous section
enables us to integrate the databanks at the EBI into
the P/FDM system easily. However, this mapping
requires users to know the names of the component
databanks, their data formats and their field names.
While many users may have this knowledge, it would
be more convenient to be able to express a query in
terms of meaningful concepts declared in a high-level
schema. One way to do this is to write named derived
functions in Daplex that can be used by non-expert
users to perform repeated tasks.

As an example, scientists sometimes find that the
same kind of amino acid residue occurs at a particular
position in a protein chain in all proteins belonging
to the same “family” (“family” here means the set of
all proteins with a similar amino acid sequence). In-
formation about these “invariant residues” is useful
when trying to construct three-dimensional models of

for each d in ig_donain such that name(d) = "VH'
for each r1 in kabat_residue(d, "34")
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r
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i
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name(d) = "VH";
rl = kabat_residud("34");
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a2 = atom(r2,"CB");
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¢ = protein_code(d)
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(getentity(ig_domai,D),

getfnval(name,[D],

N="VH’,

getfnval(kabat_redue,[D,’34'],R1),
: getfnval(kabat_redue,[D,'78],R2),

m <— medline_entry;
link(p) = id(m);

t = title(m);

r =ref(m) ]

getfnval(atom,[R1CB’],Al),
getfnval(atom,[R2CB"],A2),
getfnval(distanceA1,A2],S),
S<5.0

getfnv'al(proteinfcde,[D] C), @
getfnval(name(,[R1N1),
getfnval(name(R2],®)) .\ v

Prolog [pdb-id.C]>medline+f+title+—f+ref
(run at Aberdeen)

SRS code (run at EBI)

Figure 3: An example query that accesses local and
remote data. This query finds all heavy chain vari-
able domains (“VH" domains) and examines the amino
acid residues at positions “34" and “78" in the struc-
tural framework of the domain. The separation between
their C4 atoms is calculated and if this is less than 5.0
Angstroms a call is made to the FTP server at the EBI
to find the titles and full references of all related articles.
This query is processed as follows: 1. The Daplex query
is translated to a list comprehension, which is split into
two parts, (a) referring to local data and (b) remote data.
2. List comprehension (a) is translated to Prolog code
including calls to the P/FDM primitive routines. List
comprehension (b) is translated to SRS code. 3. The
Prolog code is run at Aberdeen, providing a value for
the variable C. For each value found, the value is added
to the SRS code, which is then run at EBI. 4. Prolog
backtracks to find other values for the variable C, and
new SRS commands are sent to EBI.



proteins belonging to the family. Therefore, it would
be useful to know for each residue in our structural
database whether it is at one of these “invariant” po-
sitions.

First, we need to define an attribute called
at_invariant_position on the class residue. This func-
tion will take an amino acid residue as its argument
and return a boolean value indicating whether a given
residue is always found at that particular position in
related proteins. This information can be found by ex-
amining the HSSP file [21] corresponding to the Pro-
tein Data Bank (PDB) entry for the protein being
examined.

Part of an HSSP file contains the amino acid se-
quence of a protein with a known structure, together
with the sequences of those proteins (often with no
known structure) which are similar to the first. In
this part of the data file, each row represents a posi-
tion in the protein chain, and each column represents a
different, protein chain. Thus, one of the columns con-
tains the one-letter codes of the residues in the protein
with known structure (these codes describe its “se-
quence”), and each of the following columns contains
the sequence of one of the similar proteins. Amino
acid residues at corresponding positions in different
protein are listed on the same line. Each line also con-
tains other information including the PDB identifier
of the residue at that position in the known structure
and the variability of residue occurrences at that po-
sition. Invariant positions are identified as those with
a variability of zero. Thus, the code providing a value
for the function at_invariant_position can find a value
by:

e finding the PDB code of the protein in which the
residue occurs and the residue identifier from the lo-
cal database,

e calling out to the FTP server at EBI to retrieve the
HSSP entry for the protein with the given PDB code,
and then

e processing this file locally to find whether that po-
sition is indeed invariant.

An alternative approach would be to extract all in-
formation about invariant positions from HSSP files
in a batch operation and to add this information to
the local database. This would have the advantage
that one would not need Internet access to use this
attribute, making it possible to use these data on a
stand-alone workstation. Even if a networked work-
station was being used it would be faster to retrieve
a value from a local database than to retrieve a data
file from a remote site and then process this to iden-
tify values of interest. On the other hand, there are

also disadvantages with this approach. A minor dis-
advantage is that this approach would require a little
extra storage space on the local machine. More signif-
icantly, to keep up-to-date, the local database would
need to be updated whenever the HSSP files are recal-
culated as new sequences become known. In contrast,
by accessing a central collection of data we can ensure
that the most up-to-date data are used to provide an
answer to our query.

These approaches have their advantages and disad-
vantages and we might expect different users or sites
to prefer different approaches depending on their in-
dividual needs. By adhering to the principles of data
independence [8] this can be accommodated; either ap-
proach can be followed and the query or application
program can be used without change. A compromise
approach would be to cache data retrieved for the re-
mote site on the local machine so that if a piece of
information is accessed again during a session then a
locally stored value can be used without the need to
call out across the Internet for a second time.

Rather than just printing the results of a database
query to the screen, users of our system can define ac-
tion methods [15] that can, for example, produce a dis-
play effect based on object instances and values found
by a database search. Recently, we have implemented
an interface between P/FDM and the molecular dis-
play program RasMol (written by Roger Sayle) that
allows display commands to be sent from the P/FDM
database to RasMol.

As an example of this, suppose we want to high-
light on a molecular graphics display those residues in
a protein that are conserved in all other members of
that protein’s family. We might want to do this during
a homology modelling exercise to help identify regions
of the molecule that are likely to be structurally con-
served.

We can now write a Daplex command to highlight
invariant positions in crambin (PDB code “1CRN”):

for each p in protein such that
protein_code(p) = "1CRN"
highlight_invariant_positions(p);

In this example, highlight_invariant_positions is an ac-
tion method that uses values from the derived func-
tion (or “method”) at_invariant_position to construct
commands to automatically select and highlight a set
of residues within RasMol. Figure 4 shows the struc-
ture of crambin displayed by RasMol before and after
this query is run. Figure 5 shows how this query is
processed.



Figure 4: Molecular structure of crambin (display pro-
duced using RasMol). (a) stick representation of cram-
bin. (b) stick representation of crambin but with atoms
in the 12 invariant residues highlighted as spheres.

for each p in protein such that protein_code(p) = "1CRN"
highlight_invariant_positions(p);
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Figure 5: Highlighting invariant positions in crambin. 1.
A Daplex query, typed by the user, is translated to a list
comprehension. 2. An SRS command is generated. 3.
The SRS command is sent to an FTP server at EBI, and
an HSSP file is retrieved. 4. The HSSP file is processed
locally to find invariant positions. 5. Display commands
for the molecular display program RasMol are generated.
6. These are sent automatically to RasMol.




5 Discussion

The Daplex language, which we use, was originally
designed for multi-database systems and query op-
timisation. It was designed by Shipman [22] work-
ing at CCA (Boston) in collaboration with MIT, and
was adopted for a research programme (MULTIBASE
[18]) into distributed heterogeneous database systems.
Daplex was used to formulate the overall query, which
was then translated down into subqueries in the lan-
guages of the component database systems (SQL or
CODASYL at that time). However, the interest in this
died out, probably because relational systems were not
generally in commercial use at that time, and where
they were in use as a distributed system, it was as a
homogeneous system, tightly coupled, using the man-
ufacturer’s software.

The new factor today is the explosive growth of
database systems in molecular biology on a variety
of platforms, in different countries. It is unrealistic
to expect these systems all to adopt the same plat-
form. Currently, SRS itself “mirrors” copies of genome
databases! However, this is not essential in principle,
and it does not affect our argument. We use SRS
mainly for the external identifiers and indexes it pro-
vides as a way into remote databases, not because
these are mirrored. As the databases get bigger and
more frequently updated this becomes less attractive.
Thus a multi-database solution is needed, as presented
in this paper.

A particularly interesting feature of Daplex is its
use of variables which are, effectively, bound to object
identifiers, ranging over objects or records of a par-
ticular type (or class). It also expresses computation
of values or selection conditions in terms of functions
over these objects. This makes it particularly suit-
able for work on object-oriented databases, or as a
replacement for SQL when working with an object-
oriented programming language [9]. Thus the combi-
nation of Smalltalk/Daplex could well be a replace-
ment for C/SQL which was so popular in the 1980’s!

In the context of multi-database work, it means
that part of a Daplex query will be executed to create
a set of external object identifiers. These are then sent
across to another database along with a Daplex sub-
query translated into the target query language for
that database, and parameterised with respect to the
supplied object identifier. This sub-query will return
a set of result values, possibly including more object
identifiers. These object identifiers play the role of
keys in relational systems in identifying the required
data. They are usually supported by some form of
index tables at each site, thus they can be used very

effectively to locate other objects either at the origi-
nating site or at other sites. This is the essence of our
system.

Because of this use of object identifiers it is par-
ticularly straightforward to link across to external
databases which themselves have an object schema.
Recently genome databases have been moving to use
object schemas. As noted earlier, there is much in-
terest in the OPM model [5], which is being looked
at both by Brookhaven for protein structure data and
by John Hopkins for GDB-6. There is also interest
in the ACEDB model [6]. The OPM model has a
query language more like SQL in style, but still based
on object identifiers. It uses relational storage, like
object-relational databases, but every class has a ta-
ble with a mandatory column for the object identi-
fier. This object identifier may be compound (com-
posed of several attributes) like a compound key in
a relation. The authors explain that “since OPM
is intended for a community of scientists that cur-
rently use relational DBMSs and are likely to move to
object-oriented DDMSs in the future, we are develop-
ing OPM-based tools ... these tools will automatically
generate DBMS methods...”. This shows the value of
an object schema for migrating data between different
storage representations. It also shows the general ap-
plicability of automatic code generation from concep-
tual models to fit target implementations. Our work
very much follows this strategy. One difference in the
data model used in OPM is protocols, which are used
to model experimental procedures. However, these are
not so appropriate for other kinds of data, e.g. protein
structure data, and are not used in the OPM schema
for the Protein Data Bank [1].

We are unusual in using the Prolog language for
most of our system. Prolog is very good for parsing
query languages, for pattern-matching and for plan-
ning how to solve a complex query with data at dif-
ferent sites [13] [16]. Prolog term structures incorpo-
rating shared variables with initially unknown values
serve to represent the query plan, and this enables us
to transform it and execute it in an efficient manner.
The Prolog system thus plays the role of a mediator
as proposed by Wiederhold [23]. The mediator shows
its intelligence in how it breaks the query into various
parts for evaluation at each site, and how it transforms
the parts to make use of different indexing features at
the sites. Currently, much of the information about
sites is built into the mediator, but we intend to make
this more table-driven and extensible.

Buneman et al. have also written a mediator based
on list comprehensions, but in a functional language,



and are using it mainly for sequence integration, and
have used this with biological data [3]. They use a
schema based on abstract data types with nested com-
ponents, which suits sequence files, but also maps onto
relational databases.

The functional data model [22] originated in the
MULTIBASE project to integrate distributed data.
Our research has shown how it can also be used with
objects. We have also shown how the functional data
model can provide an object view of flat databank
files. In this work, it has been necessary to map flat
files onto functional data model entity classes and at-
tributes in order to integrate data from existing es-
tablished databanks with local FDM objects. Note
that we do not convert entire flat files into object for-
mat! Instead we use the flat file’s own local indexing
mechanism for efficient selective access. However, flat
files are often well suited to particular kinds of data
searches, and we have chosen to use a flat file represen-
tation in other work where it was necessary to search
antibody sequence data efficiently [17].

We have developed a system where data access re-
quests are expressed in terms of meaningful concepts
and properties described in a conceptual schema. In
answering these queries, commands are generated and
sent across the Internet. Thus we can directly make
use of a shared central collection of data and existing
indexes and search tools developed for use with those
databanks. However, the details of how this is done
is hidden from the user below the level of the concep-
tual schema. The biologist (end-user) does not have
to worry about how the data are stored or where it is
located. Also, the local site does not have to take up
space and time mirroring other large databases.

6 Conclusions

We have developed a system that provides uniform
access to heterogeneous databases through a single
high-level query language based on an object model.
This model gives us interoperability with many other
models including OPM and ODMG. The system is
being used to relate antibody structure data held lo-
cally to sequence data held remotely through cross-
reference indexes maintained by SRS.

Our system was developed independently of the
proposals made by Peter Karp at the MIMBD’95
meeting in Cambridge (1995). However, it has re-
markable similarity. Karp proposes a system with a
mediator component that forms a plan to break the
query into sub-queries that are translated against the

different databases and sent to them by using appro-
priate drivers. Our system uses a mediator component
written in Prolog, to perform this task. Its architec-
ture, based on the notion of data independence, makes
it easy to generate sub-queries against a variety of tar-
get databases. We had been doing this for some time
with in-house databases, but are now using the FTP
link to SRS to query remote databases.

One refinement of Karp’s schema is that we strongly
believe in an object-based conceptual model, although
we are very happy to have target databases in flat-
file or relational format, provided they are accessible
selectively through external identifiers (keys). This
is the basis on which MULTIBASE was developed,
using the Daplex language, which we continue to use.
We differ from MULTIBASE in that our underlying
architecture is in Prolog and uses a theoretically well-
founded intermediate form (list comprehensions or ZF
expressions) as the basis for optimisation [13] [3].

This work raises interesting applications of dis-
tributed query optimisation and ordering of query ex-
ecution.

The work we still have to do, as in Karp’s proposal,
is to make the system extensible, so that it can reason
about which databases to use. This is relatively easy
to do through a knowledge base of databases expressed
in Prolog. However, we would plan to generalise con-
cepts such as “swissprot_entry” so that they are more
generic and mapped to alternative databases. Ulti-
mately we anticipate a “facilitator” architecture which
allows descriptors and interfaces to new biomolecular
databases to be added, but this may need extensions
and changes to SRS.
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