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Abstract. The publicly-funded effort to read the complete nucleotide sequence of the human genome, the
human genome project (HGP), is nearing completion of the approximately three billion nucleotides of the
human genome. In addition, several valuable sources of information have been developed as direct and
indirect results of the HGP. These include the genome sequencing of model organisms (Escherichia coli,
Saccharomyces cerevisiae, the fruit fly Drosophila melanogaster, the worm Caenorhabditis elegans, and the
laboratory mouse), gene discovery projects (expressed sequence tags and full-length), and new high-
throughput expression analyzes. These resources are invaluable in identifying the trascriptome and
proteome—the set of transcribed and translated sequences. However, the bulk of the effort still remains—to
identify the functional and structural elements contained within gene sequences. Addressing these challenges
requires the use of high-performance computing. There are currently hundreds of databases containing
biological information that may contain data relevant to the identification of disease-causing genes.
Knowledge discovery using these databases holds enormous potential, if sufficient computing resources are
utilized to process the overwhelming amounts of data. We are developing a system to acquire and mine data
from a subset of these databases to aid our efforts to identify disease genes. A high performance cluster of
Linux of workstations is used to perform distributed sequence alignments as part of our analysis and
processing. This system has been used to mine the GeneMap99 database within specific genomic intervals to
identify potential candidate disease genes associated with Bardet-Biedl syndrome (BBS).

Keywords: high-performance computing, disease gene discovery, bioinformatics, knowledge discovery,
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1. Introduction

The primary objectives of the human genome project (HGP) [33] are to construct
high resolution genetic and physical maps, to determine the complete nucleotide
sequence of human DNA, and to identify and localize a comprehensive set of genes
within the human genome. The HGP also included pilot studies with similar aims for
the genomes of several strategic model organisms used extensively in research, as well
as a component to analyze the ethical, legal, and social implications of genetic and
genomic information [33].

A direct consequence of the HGP is the existence of a growing number of data
collections that are used by investigators in numerous fields to aid in their efforts to
collect information relevant to specific biological problems. These resources make it
possible to identify disease genes, but the volume and complexity of these resources
present new challenges. The amount of data available makes the utilization and
integration of these resources impractical without the use of automated tools and
software applications. This trend of increasing amounts of information will only
continue as the completed human genome sequence makes possible the creation of
high resolution maps, and similar sequencing and mapping projects in model
organisms enables the construction of high resolution comparative maps between
organisms. Other high-throughput genomic technologies, such as micro-array
expression assays that are directed at solving biological problems on a genome
scale continue to evolve. This paper proposes an architecture for developing high-
performance computing solutions to discover and prioritize candidate disease genes
using automation to identify and acquire associated data.

2. Disease gene identification

Gene discovery is defined as the process of finding novel genes from raw biological
data. Expressed sequence tag (EST) sequencing projects and computational gene
prediction from genomic sequence are common formats for gene discovery projects.
The ultimate goal is to find mutations within genes that cause disease, or sequence
variants that predispose one to disease. However, with the size and complexity of the
human genome and the cost (time and money) of screening* genes, it is impractical
to screen every gene in every population for a given disease. Instead, genes are
chosen for screening based on available information. The idea is to prioritize genes
such that those most likely to be involved with the disease are screened first. The
information that determines the selection of genes may be based on data from local
experiments, or from existing data resources. However, finding, obtaining, and
integrating this information may be difficult due to the amounts and complexity of

Screening is the process of verifying that a gene contains deleterious mutations, such as through direct
sequencing of affected individuals.
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data. As methods to predict gene-disease association improve, fewer genes will need
to be screened. It is the process of candidate disease gene nomination that recognizes
genes with an increased likelihood of being associated with a disease, based on
available data. From this nomination process, a list of candidate disease genes may
be compiled. In the default case there is no data to differentiate likely genes from
unlikely genes, and therefore, every discovered gene is a candidate.

A system that mines biological databases for disease gene discovery has enormous
commercial application. The knowledge and understanding of disease genes and
biology is valuable in identifying new drugs. In 1999, the top ten pharmaceutical
companies spent $25.4 billion in research and development to identify new drugs [1],
and discovering genes associated with disease is an important approach for
identifying new drug targets. A better understanding of how gene products function
and how mutations affect gene function may also lead to more effective drugs.
Although the development and testing of new drugs is a thorough, lengthy, and
expensive process, the number of deaths in the United States from adverse drug
reactions to prescription drugs was 106,000 (in 1994), the fourth leading cause of
death [19].

Typically, the disease gene identification process begins with the recognition of a
disease or observable phenotype(s) that may be used to find correlations and/or
associations with presumably genetic loci. Various laboratory and computational
techniques and methods are employed to generate experimental data that may be
used to eventually localize an interval or gene; and this experimental data is used to
identify existing relevant information and corroborate the experimental evidence.
Disease gene identification is typically labor intensive involving laboratory
experiments to corroborate or disprove the hypothesis of a nominated candidate
disease gene as being associated with the disease.

The disease gene identification process may utilize multiple iterations of candidate
disease gene nomination. For example, linkage information may be used to
nominate candidate disecase genes based on position within the genome. Further
consideration of the functional roles of protein products to specific tissues may
implicate expression information (such as looking for ESTs that are only expressed
in specific tissues). The insight gained from the expression information might then be
used to design experiments (biological or computational) to nominate other related
candidate disecase genes. Pathway information is an obvious example of data for
nominating related genes.

The availability of human genomic sequence has allowed the discovery and
localization of thousands of genes. Prior to the availability of this resource,
localizing a gene within the genome was a difficult task, and determining the genomic
structure (exon and intron boundaries) was very time consuming and expensive.
However, with the availability of genomic resources, the challenge has become
reversed. Now, there are potentially millions of nucleotides of sequence available for
a disease interval; and within these multi-megabase regions are sometimes several
hundreds of genes, that may all be candidate disease genes—any of which may
contain rare mutations that cause a disease. Because of the vast volume and
complexity of available biological data, candidate disease gene nomination and
prioritization is feasible only with sophisticated computer hardware and software.
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Perhaps the most difficult challenge, is the efficient integration of very disparate
types of data and the ability to infer meaningful relationships.

2.1. Simple and complex diseases

The human gene mutation database (HGMD) [34] lists more than 1,000 genes for
which disease-causing mutations have been identified. The vast majority of these
genes are associated with simple disorders, in which only one gene is involved. Yet
the number of genes involved in complex disorders, diseases that are caused by
multiple genes, is likely to greatly exceed this number because of the complexity of
biological systems and the observed interaction of gene products in pathways.
Complex diseases are caused by the interaction of the products of multiple genes and
the environment. Demonstrating that a gene is the cause of a simple disease is
relatively straightforward. The presence of mutations in a gene is strongly correlated
to disease status. The process is further complicated by properties of disease such as
reduced penetrance (the disorder associated to a mutation is not expressed), where
having mutations is necessary but not sufficient. The combinatorics of gene-disease
interactions make disease gene discovery significantly more challenging for complex
disease. At one end of the spectrum is the scenario where mutations in any of several
genes are sufficient to cause the disease. If one of these genes is assessed for
mutations across a population of affected individuals, many of the individuals will
have the disease, but will lack an observable mutation in the gene being assessed.
This reduces the analytic power of the assessment. Combinations where multiple
genes must harbor mutations make the analysis even more challenging. In this case,
the number of observed mutations that are present in unaffected individuals
increases dramatically, further reducing the differences between affected and
unaffected individuals for a given gene.

Successful strategies and techniques for identifying interacting genes in complex
disorders remain unrealized. However, the ability to utilize and integrate the
available biological information and data will unquestionably play as important of a
role in complex disorders, as it already has in simple disorders.

3. Existing heterogeneous complex data resources

There are numerous heterogeneous complex data sets available that may be useful in
disease gene discovery. The various combinations with which these resources may be
applied to the disease gene discovery problem are too numerous to enumerate. In
addition, new resources frequently become available making others obsolete.
Regardless of how resources and data are utilized, it is useful to define generic
categories to arrange the numerous data resources for discussion. The following list
of data resources define primary categories useful for disease gene discovery,
identification of related information and data, and candidate gene prioritization.
These are: maps, sequence, expression, pathway, function, disease gene localization,
and scientific literature. Although there are too many data resources to exhaustively
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enumerate (or utilize) every one, specific instances within each category have proven
useful in the efforts to locate disease genes, and are discussed in Section 6. This list of
categories is used in Section 5 to develop an architecture for utilizing some of the
available data resources to identify and prioritize candidate disease genes. One of the
major challenges is identifying which types of information contain the most useful
for implicating candidate genes and gene sequences.

Map resources provide systematic localization of genetic loci. These include
radiation-hybrid maps (GeneMap99) [31], genetic maps (Marshfield) [38], and
comparative maps (Mouse Genome Database) [39]. Sequence refers to the primary
data of nucleotides in DNA and RNA, and amino acids in proteins. Examples of
sequence data include nucleotide and amino-acid sequences from various organisms,
as well as relationships identified through sequence comparisons (i.e., homology).
Expression resources provide information pertaining to the products of genes that
serve the functional role in biological systems—usually as proteins or mRNA
transcripts. Some examples of expression data include ESTs, in-situ hybridizations,
microarray hybridization experiments, and Northern blots. Pathway information
represents the networks of interaction between genes and proteins that exist in
biological systems. Information may be obtained about interacting products by their
relationships and placement in known pathways (e.g., galactose metabolism).
Functional data refers to the behavior of biological components (typically, but not
limited to genes and proteins), and the information derived from these components
under specific conditions. This includes protein-protein interactions as observed in
yeast-two-hybrids and co-immuno- precipitation, as well as actual enzymatic
functions in cellular metabolism. Disease gene localization techniques are used to
correlate phenotypes with genetic elements, and localize the genetic elements within a
genome. For example, genotyping is a widely used technique that uses genetic
markers to measure inheritance patterns in kindreds. Statistical methods are then
used to calculate the likelihood of specific genetic regions segregating with the disease
given the phenotypic observations. Finally, there is the scientific literature. There is
great interest in mining this resource with many different approaches [7, 17], but it
presents unique challenges. Most notable are the parsing of natural language,
acquisition of electronic text and figures, deciphering figures for information, and
assigning significance and associations to ideas based on word distributions and
context.

Clearly there is overlap between these primary resources. For example, there exists
data for the MKKS gene [24] that may be characterized as map, sequence, expression,
and functional; map data because the gene is accurately localized to chromosome 20,
sequence because the coding sequences and gene structure are known, expression
data because an expressed product is identified, and functional data from the known
and identified protein domains. The purpose of these categories is not to enumerate
and categorize all specific instances of data resources, but to recognize that there are
diverse, interrelated sources of data that need to be integrated, from which useful and
insightful relationships may be inferred. These definitions are used as generic terms
that may apply to many related diverse examples. Because new data sources are
constantly becoming available, often with new types of data, the capability of the
system to deal with new data types will be critical.
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3.1. Potential value in utilizing diverse resources

The availability of complete and working draft sequence in conjunction with ESTs,
predictive gene methods, and full- or partial-length cDNAs, is a principle example of
the potential value in combining and utilizing diverse data. Without the EST
sequence, the location of a particular gene within genomic sequence is difficult to
determine. Gene prediction applications suffer from the inability to accurately
identify all exons of a gene—being either too sensitive and over predicting genes, or
too discriminating and missing legitimate coding regions. The measured accuracy of
several applications puts the accuracy rate in the range of 0.60 to 0.70 measured by
the correlation coefficient [9]. Without a considerably larger segment of genomic
sequence, the complete gene structure of a gene represented by an EST may be very
difficult to determine. However, using sequence alignments between the EST and the
genomic sequence may easily and quickly lead to knowledge of the location and
genomic structure of the gene that could not be determined as efficiently without
both pieces of information.

This simple example shows the potential value in combining data resources.
However, two complicating distinctions are not illustrated in the previous example.
and prioritization has complicating distinctions that are not illustrated by the
previous example. These distinctions are that (1) determining if relevant data exists is
often impractical without sophisticated software automation (i.e., what data sources
are useful), and (2) acquiring and analyzing the relevant data without automated
computational techniques is impractical. Often the determination of relevance
cannot be examined until the data is acquired and analyzed which is a major
investment in time and resources, further complicating the process of disease gene
discovery.

4. Motivation for computational methods

The motivation for using computational methods for disease gene discovery,
information identification, and candidate gene prioritization is based on two
observations. First is the potential value of searching, filtering, and acquiring
relevant portions of the overwhelming amount of diverse biological data through
automation. Combining and integrating this data may lead to new insights and
directions for disease gene discovery. Thousands of disease loci have been identified
and mapped to distinct genomic intervals for which the causative gene remains
unknown [41]. Due to limited time and resources, it is impractical to manually
gather, assemble and integrate, format, process, analyze, and manage all of the
related data that may provide the single key piece of information or relationship that
leads to the discovery of a disease gene. The process of disecase gene discovery,
information identification, and acquisition often leads to further additional data
(i.e., or feedback) that is integrated through multiple iterations of this process. The
second observation is that the existing information is very dynamic with additions,
deletions, modifications, and corrections. Due to this dynamic nature, the various
steps and analyses of disease gene discovery, information identification, and
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candidate gene prioritization may be replicated many times. Attempting to explore
multiple loci across different intervals, accumulating diverse biological and genetic
data for various relationships and temporally displaced data sets, is a problem that
requires software automation.

Although vast biological databases exist, this is not the same as having access to
all of the data contained in such a database. The very size that makes such databases
rich with valuable information requires the existence of an interface. Often the
interface itself limits access to the data set. With limited access to the data, certain
desired analyses may not be available. Automated computational methods may be
used to solve these types of challenges. There are two strategies to address this: (1)
acquire the relevant data from the databases(s) and perform the analysis locally, (2)
develop computational analytical components to extract (or perform analysis on) a
subset of the database that makes the analysis feasible. The first strategy of simply
acquiring the data and performing analyzes locally is intuitively appealing because of
its simplicity. The first issue to this strategy is whether it is feasible to access and
acquire the data due to the structure and interface of the database. For example,
GeneMap99 [31] is a radiation hybrid map. This may be used as a resource to
identify a list of ESTs mapped to a specific genomic interval with some degree of
confidence. This list of ESTs, and the associated sequence, may then be used to
enumerate known genes via UniGene clusters [50] by BLASTing the EST sequences
against EST databases. An application to perform this form of knowledge discovery
is described in Section 6.1. The list of elements mapped on GeneMap99 may be
acquired for local processing, but the complete collection of cross-indexed data
resources through the browser interface are not contained in the data available for
download.

Another example includes genome browsers, interfaces to genomic data, such as
genomic sequence, gene sequences, mRNAs, ESTs, proteins, and other types of
annotation. The genome browser at UCSC [48] provides a convenient interface to
the human genome. Investigators routinely review genes and their associated
sequences (MRNAs, ESTs, genomic context, and proteins) for a given map position,
or interval. An interval for the BBS3 locus [28] was narrowed to a 6 cM (15Mb)
interval on chromosome 3. The browser is capable of quickly showing that there are
54 annotated (RefSeq) [44] genes in the interval. However, this particular browser
cannot easily provide the coding sequence for all 54 genes, flanking sequences, and
all ESTs and mRNAs associated with each gene (short of manually following
hundreds of links for each gene). It is also relatively difficult to search the ESTs
mapped to this interval for tissue library sources of cDNAs, which may be used to
refine the list of 54 candidate genes. These functionalities are not provided within the
browser, nor is it likely that the hosting site could provide enough computational
resources to support the level of processing required for these types of analyses.

5. Maeta tool architecture

This section describes a system architecture for integrating and utilizing con-
temporary and novel computational methods. The ultimate purpose is to identify
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disease genes. Computational methods are used to extract biological information
from multiple heterogeneous sources to nominate candidate disease genes and
compile gene-related information. This information enables users to prioritize
candidate disease genes.

The existing set of biological data resources and biological computation
infrastructure are enormous and growing, with new, larger data resources are likely.
As an example, the Molecular Biology Database Collection is a compilation of key
on-line databases important to the biological community, and currently has 281
entries [5]. Consider just one entry of this compilation. UniGene [50] is a system for
partitioning GenBank [32] sequences into clusters that are non-redundant and
ideally each cluster represents one gene. Each cluster consists of sequences from
transcripts of a gene, and additional information is cross- referenced when accessed
through NCBI. This includes expression information such as tissue type and
expression level from SAGE [46]; map information such as chromosome localiza-
tion; and sequence information such as identified protein similarity to other model
organisms. Millions of novel ESTs have been included making the collection useful
for gene discovery [50]. As of February of 2003, the size of this database for human
sequences is 3 x 10? bytes, representing 3,966,221 sequences and 128,826 clusters.
Assuming UniGene is a representative data collection, then the list represents
8.43 x 10! bytes of data (approximately 800 GB). Another catalog of databases [18]
provides access to 350 distinct biological databases. This vast volume of information
and numerous diverse data sources is what makes candidate disease gene nomination
and prioritization challenging. First, each data source has potentially unique (and
incompatible) data formats. Different data formats may require custom software
“adapters” to access and manipulate data universally and independent of format,
i.e., data specificity. Second, and perhaps even more difficult, is integration and
correlation of disparate types of data, i.e., data integration. The scope of these two
problems in light of the inherent data size and complexity problem motivates a
modular solution to data specificity and data integration. A modular architecture
enables the partitioning of specific problems and solutions into components that may
be designed, implemented, and utilized independently of each other, and yet may
contribute to the larger problems of data specificity and integration. New modules
may be integrated as technology and formats change. An architecture of this nature
provides a structure for developers and expert users to address some of the problems
of specificity and integration by providing a model that is modular and adaptable to
available and future data.

Figure 1 shows a graphical representation of the system architecture that defines a
structure for integrating, developing, and applying high performance computational
methods to mine existing biological data to (1) acquire data, (2) find interrelated and
gene-related information, (3) filter data, (4) integrate information, (5) nominate
candidate disease genes, and (6) prioritize disease genes.

The modules shown in Figure | correspond to the primary categories presented in
Section 3. Each module is one or more self-contained software application(s)
designed and implemented to solve specific problems of candidate disease gene
nomination. The attraction of this scheme is the ability to incorporate and utilize
existing applications and tools where significant time and effort has gone into
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Figure 1. “Gene CaDi”—Candidate Disease Gene nomination and prioritization. Software tool
architecture for developing, integrating, and utilizing high-performance computational methods for
utilizing existing and future biological databases and computational methods to nominate candidate
disease genes, locate interrelated information, filter extraneous data, and prioritize candidate disease
genes.

development, and also to be able to develop applications and tools where existing
computational methods are deficient. These custom applications may encompass
novel analyzes, automation to tedious interfaces and applications, or simply
adapters or “wrappers” to format data for different applications or tools. For
example, the Sequence Module manipulates nucleotide and protein sequence. This
includes sequence comparisons, the parsing and storage of sequence comparison
results, sequence description and annotation extraction, and sequence acquisition.
Perhaps the most popular and widely used sequence comparison application is
BLAST [2]. There is no intent to duplicate existing and refined applications, such as
BLAST. However, this architecture provides a structure for combining existing and
novel applications to answer specific biological questions (including candidate
disease gene nomination) that are difficult to address due to limitations of existing
infrastructure and volume of information.

The applications of the Map Module have the capacity to extract mapped sequence
elements from map resources (e.g., GeneMap99). The Expression Module
incorporates diverse information from sources that quantify gene products and the
intermediates between transcription and proteins. This includes levels of protein
expression or mRNA transcripts, localization of proteins and transcripts, and
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differential expression and differential transcription under various conditions and
parameters. The applications of the Functional Module obtain information
pertaining to the function of genes and proteins. This includes secondary structure
predictions and comparisons, tertiary structure searches and comparisons, and
information describing protein-protein interactions. This may also include other
techniques such as detailed domain searches with hidden Markov models (HMMs)
[35]. The Disease Gene Localization Module uses applications and techniques to find
associations between disease phenotypes and genomic regions. Examples include the
genotyping of microsatellite markers, linkage analysis, association studies, homo-
zygosity mapping, and DNA pooling. Applications of the Pathway Module extract
information from databases that describe networks of interactions between genes
and gene products, such as the Kyoto Encyclopedia of Genes and Genomes (KEGQG)
[37]. The Literature Module includes applications from the efforts to extract
information through association and context in the scientific literature.

Each module has a set of capabilities displayed as options to a query interface. For
example, the Map Module has the capability of acquiring mapped sequence elements
based on map locations. A user specifies map locations depending on the
requirements of the particular maps available to the system. For GeneMap99 [31]
framework markers define intervals. Therefore a query interface informs the user
about the Map Module’s capability to access GeneMap99 by displaying this option.
Also, the interface requires the user to provide the parameters needed by the
module—in this case interval flanking markers. The Map Module then acquires all
available sequence from the specified map for the given markers. Next, the Sequence
Module may be employed to identify sequence and protein similarity. Again, the
interface would list available sequence comparison and search capabilities such as
BLAST [2] or HMMER [12].

5.1. Database

The database portrayed in the center of Figure 1 indicates a need for memory and
the ability to store data and the state of an analysis for later recall. Depending on the
requirements of each individual module, it is likely that modules will have local
versions of data for processing and manipulations. However, more persistent system
memory is required for various reasons. First, it is necessary to store results that are
not easily reproducible or require manual and tedious curation. Also, for reasons
discussed below, the storage of results may be needed for later analyses. For
example, a hypothetical region of interest may contain 10 Mb of sequence. To
identify the distinct UniGene [50] clusters within this interval, the entire interval
could be BLASTed against a database of human ESTs [29]. Such a BLAST analysis
is likely to generate thousands of regions of similarity, identifying hundreds of
UniGene clusters. Rather than replicate this computationally intensive and time
consuming analysis each time a gene (represented by a cluster) is chosen to be
screened for mutations, storing the list of UniGene clusters is a more efficient
solution. A second motivation for system memory is the temporal nature of analyses
and data. The ability to identify new and relevant information appearing periodically
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is desirable. This is related to the third reason to have system memory, and that is the
dynamic nature of data. Not only does new information become available, but
alterations and corrections to data are also common. Instead of reproducing the
steps preceding a particular analysis, intermediate results may be stored and used to
discover new and altered information. A fourth reason for system memory is the
ability to store and share state-full information between investigators. Often the
details of what data has been analyzed may be lost over time, with the removal and
addition of different investigators, and in the vast amount of data and analyses
involved. The storage of state and previous results is similar in concept to an
electronic laboratory notebook. The final reason that system memory is useful is that
certain analyses are conducive to automated or periodic processing, and these
analysis require the storage of query information. For example, candidate genes with
no known homologs across species may exist. It is useful to be able to periodically
examine available sequence databases in attempts to quickly identify new homologs.

5.2.  Existing information, data, and infrastructure

The motivation for this architecture is the data resources and infrastructure that
already exist for vast collections of biological data. Each module represents
independent applications with the capacity to repeatedly access specific instances of
biological data and acquire or extract information as specifically designed for that
module. In many cases the interface to available data already exists and is resource
specific, such as the capability in GeneMap99 to identify and locate a single locus to
which many ESTs may have been mapped. However a module may simply take
advantage of existing interfaces to expand the amount of available information and
data. For example, Section 6 describes the implementation of a module to repeatedly
access GeneMap99 to identify multiple loci and ESTs in an interval.

5.3.  Experiments

Experimental results (e.g., biological, biochemical, and genetic experiments—i.e.,
“benchwork”) are very important to the candidate disease gene nomination process.
Experimental results may reflect very crucial and focused data not generally
amenable to specific databases. Yet, this information may be key in identifying data
and associations that lead to strong disease gene candidates. Such information may
be vital to the filtering of extraneous data, implicate new protein functions, or supply
data for a prioritization of candidate disease genes. Analyses performed by modules
may revolve around the data and insight generated by a specific experiment and may
be the prime motivation for queries.

M10882 Kluwer Academic Publishers The Journal of Supercomputing (SUPE) Tradespools, Frome, Somerset



3B2 Version Number 7.51a/W (May 22001)  {Kluwer}Supe/SUPE 26_1/5127151.3d  Date: 27/5/03 ~ Time 13:56pm  Page 18 of 24

18 BRAUN ET AL.
5.4.  Resource specific tools

Many of the existing databases have resource specific interfaces and tools. These are
extremely useful to investigators who utilize these tools to obtain information and
data from biological databases. Often these interfaces are designed to accommodate
the maximum number of investigators with varied ranges of expertise. However, the
users are constrained by the limits of the interface. For example, the interface to
GeneMap99 [31] allows users to search for loci located on the map. Electronic copies
of the list of sequence elements mapped are also available. The interface provides
links to additional information and sequence throughout GenBank. However, there
are no means for making hundreds of queries other than to manually enter each
query. Although this is a useful mode of querying to obtain lists of mapped sequence
elements for genomic intervals, it requires an impractical amount of network
bandwidth and processor capacity from the data provider. The web accessible
interface to a BLAST [2] server at NCBI [40] is another example of a useful and
powerful tool. Users may perform sequence comparisons between a single sequence
and databases of sequence to identify similar sequences. Again, the computational
and network resources are not provided by the data provider to perform hundreds or
thousands of sequence comparisons. One solution is to obtain the freely available
BLAST software and databases to run locally, thus the only limit to the number of
sequence comparisons is local computational capacity. The last example is the
UniGene [50] database. The sequence comparison results from BLAST often
reference UniGene clusters of unique genes. BLAST may be used to identify ESTs
located in large (megabase) segments of genomic sequence. The sequence
comparison results from BLAST analyses may be used to identify UniGene clusters
by identifying an EST that has been placed in the cluster representation of a gene.
Thus it is useful to obtain the list of UniGene clusters represented by thousands of
BLAST sequence comparisons to identify genes in a genomic interval. However, no
automated mechanism is provided to obtain this list of potentially hundreds of
UniGene clusters from thousands of BLAST alignments to ESTs.

6. Results
6.1. Map module

Interval Search as an example of a map module. It mines specific maps for sequence
elements with known map locations. The map used by this module is GeneMap99
[31] at NCBI [40], which is a radiation hybrid map of markers, ESTs, and sequence
tagged sites (STSs). Prior to the availability of assembled and finished genomic
sequence, this module provided the capability to identify and acquire sequence
mapped within specific intervals.

A region of interest is first implicated through experimental procedures such as
genotyping and linkage analysis or homozygosity mapping. An existing framework
marker specifies this region of interest on the map for the module. NCBI divides
genome regions into intervals or “‘bins” with framework markers flanking the ends
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of an interval. The module, an application written in Java [36], communicates with
the NCBI webserver and obtains a list of all markers, ESTS, and genes within the
specified interval. This is accomplished by accessing each sequence element and each
adjacent element on the map until all elements are acquired for a specified interval.
Each of the elements in the interval contains a “locus ID,” a number assigned by
NCBI that serves as a unique identifier for a locus and places it on the map. Thus for
each locus ID, there may be sequence available from mRNAs, ESTs, and genomic
sequence (both working draft and finished). Each sequence is identified by an
“accession number,” an identifier that NCBI assigns to each sequence submitted to
the GenBank database [32]. There may be hundreds of sequences associated with
each map location depending on the number of identified sequences. The module
downloads each sequence from the NCBI database, concatenating sequence from the
same map location into one file. A local directory structure is built to hold the
markers, locus IDs, and sequences. A representation of this information is illustrated
in Figure 2.

Multiple sequences mapped to the same location represent different reads and
different sources of sequence. In the case of ESTs, sequencing of a gene may yield
300 bases, while a second sequence from the same gene may yield 500 bases, which
may or may not overlap the initial sequence. The longest piece of available sequence
can then be obtained from multiple ESTs mapped to the same location by
assembling the different overlapping sequences. In addition, where there are several
hundred sequences available, the process of assembling can reduce this large number
of reads to a relatively few number of distinct representative sequences. Applications
such as phrap (fragment assembly program) [43] are available that are designed to
assemble overlapping sequences. However, genomic sequence requires that

4 mom N L e

Interyval Search

‘b |
L d=ix IMscary ] w [ "'._1"',1._;_“_'
-—m =2
s gy ! '\-HF:I'I _| |_I '.'IETW_
- A
Ak il'_d'h--rr Lt |

P e ek |""”" |-..:~c¢”_-.-&| |.".¢ﬂl-'.-"-'.'l'ﬂ|

i e |

[ cares m roisar e pets - AT T L 10T
|

Figure 2. Screen shot of Interval Search application and representation of data acquired from
GeneMap99 and written to the local file system. Interval Search identifies and acquires each ‘“locus
identity” mapped to an interval in the genome designated by the proximal marker—in this example
D15S160. The interval is defined as everything mapped between the proximal marker and the next
framework (distal) marker. Each locus identity may contain several hundreds of mapped sequence
elements (ESTs, STS, and markers) represented by “‘accession numbers.”
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computational approaches to sequence assembly be efficient, since the complexity is
a function of the number of nucleotides. The process of clustering can also produce
non-redundant sequence sets, but typically does not compute an assembled sequence.
This can result in a significant saving in memory. This system uses the Ulcluster [49]
to select the longest representative sequence for loci that contain multiple sequence
reads.

The processing accomplished by this module results in a set of sequences mapped
to a particular interval. This is particularly useful for unfinished and unassembled
regions of the human genome. This set of sequence may then be used to discover and
identify additional sequences that are not already mapped.

There are two primary deficiencies with the design of this module. First, it relies
heavily on network and computational resources of the data provider—NCBI. In
fact, NCBI monitors the number and frequency of network connections, and the
amount of computational usage of users who try to consume excessive amounts of
resources. Second, this module was designed, implemented, and applied before more
than 10% of human draft and finished sequences were available. Without large
genomic sequences to anchor markers, ESTs, and acquired intervening sequences,
there was no practical method to determine if acquired sequences were actually
within the interval. A key motivation for the design of this module was to identify
new sequences as they were deposited into databases. Now that the majority of draft
sequence available, this mode of query is not as valuable. A replacement module is
being developed that solves these deficiencies by aligning UniGene EST sequences to
genomic sequence to identify the genes represented by each cluster, and to mine
expression information in the form of tissue library sources.

6.2. Sequence module

The sequence and map data generated by the Interval Search module of Section 6.1
is essential for identifying and acquiring short sequences mapped with high
resolution. However, the majority of sequence spanning these mapped sequence
elements remain unutilized. To remedy this, an existing sequence comparison
application and databases were utilized as a sequence module. The BLAST (basic
local alignment search tool) [2] application available from NCBI rapidly identifies
similar sequences by comparing a query sequence against an existing database of
sequences.

Public access to BLAST servers through a web interface is available at NCBI, and
the BLAST computations are performed on computers at NCBI which has a fixed
amount of available computational capacity. A common mode for using BLAST is
for a user to BLAST a single, short sequence against one specific database using a
web interface—sequence is ‘‘cut-and-pasted” into the interface. The BLAST
application is also available for local installation and analyses. The number of
BLASTing computations required to identify additional genomic sequence for an
interval is a function of both the size of the interval and number of sequence elements
mapped to the interval. Coupled with the need to BLAST potentially thousands of
sequences against multiple databases, a local installation of BLAST is required.
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Using the web interface and the computational resources of BLAST service
providers is not feasible do to the scope of the problem.

Fortunately, BLAST computations are “‘embarrassingly parallel,” meaning that
linear speedup of the computation may be achieved by increasing the number of
processors working on the computation linearly. Therefore the time necessary for the
BLAST computations is reduced by a factor of the number of processors applied to
the computations. The large scale BLAST Module (LSB Module) performs BLASTSs
locally on 32 distributed BLAST nodes. These 32 nodes are 500 MHz Pentium III-
class machines with 1-2 GB of memory. The BLAST databases are distributed across
the nodes so that the databases are available on local disk. The interval sequence is
BLASTed against the nt, nr, est, and htg databases [29]. The query sequence is
placed on an NFS-mounted drive via giga-bit ethernet so that it is available to all
machines. The portable batch system (PBS) [42] is used to distribute the BLASTing
processes across all nodes based on processor load and availability. This system
enables the BLASTing of thousands of sequences approximately 32 times faster than
with a single node. A simple timing comparison shows different run times for
BLASTing 32 megabases of genomic sequence flanked by markers D3S159 and
D3S1271. The 32 Mb were partitioned into 10 kilobase-sized pieces and BLASTed
against all sequences in UniGene. Using 32 nodes, the calculation took
approximately 21 minutes, compared to approximately 13 hours on a single CPU.
The BLAST analyses identify new sequence through sequence similarity, but the
actual sequence implicated in a BLAST alignment description is only a reference to
an accession number, thus the sequence beyond the region of local alignment is not
conveniently available. Accession numbers in the BLAST alignment description
identifies the sequence record within GenBank. Again, with the potential for 100s of
BLAST ‘‘hits,” an automated application is required. For this reason, a second
sequence module was created to mine BLAST alignments for sequence records in
GenBank. This module, titled AcquiLink (acquire link), is a simple Java application
that parses through BLAST results, identifies GenBank sequence records, and
acquires those sequence records automatically.

The processing accomplished by this module complements the results from the
Interval Search module. Using the sequences identified by the Interval Search
module, this module performs large scale distributed BLASTing to identify similar
sequences across different databases. The LSB module, and the AcquiLink module,
are also useful independently for large BLASTing tasks, for identifying sequence
across different BLAST databases, and for identifying and acquiring additional
sequence by parsing BLAST results.

6.3. Identification of the BBS4 gene

Bardet-Biedl syndrome is a heterogeneous autosomal recessive disorder with the
cardinal characteristics of obesity, pigmentary retinopathy, polydactyly, renal
malformations, mental retardation, and hypogenitalism [4, 6, 15, 25] The BBS4 locus
was initially mapped to chromosome 15 using DNA pooling in a large inbred
Bedouin kindred [10]. The interval was narrowed to an approximately 1 cM region
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between markers D15S131 and D15S192 using haplotype analysis performed on this
kindred and two smaller consanguineous families [8]. A BAC contig was assembled
across the interval and used for random sample sequencing at 1X coverage. The
sample sequence was subsequently used to identify approximately 3 Mb of additional
sequence in the high throughput genome sequence (htgs) [29] database. This genomic
sequence was BLASTed against the nr [29] and est [29] databases with the LSB
Module.

The application, RepeatMasker [45], as part of the Sequence Module, was used to
mask human repeats and regions of low sequence complexity. Large fragments of
sequence were electronically cleaved into 612 distinct 5kb pieces to facilitate a
distributed BLAST [2] sequence analysis by localizing BLAST hits to smaller
sequence fragments. The Large Scale BLAST Module was used to BLAST this
sequence.

The Interval Search module was used to identify ESTs mapped to the interval in
GeneMap99 flanked by markers D15S131 and D15S192. Using this sequence,
additional sequence was identified using the Large Scale BLAST module by
BLASTing against the htgs, nr, and nt databases, then additional sequence
(presumably within the interval) was acquired using AcquilLink in the Sequence
Module. This additional sequence was then re-BLASTed to further identify novel
sequence in the interval. Using this process, approximately 93 kb of non-redundant
sequence was acquired, and the following genes where identified from the sequence
annotation: PMII (X76057.1), POR (M12078.1), CYPIA2 (M31667.1), iAPC
(M55053.1), PML (M79462.1), CSK (X74765.1), CYPIAI (K03191.1), LOXLI
(NP_005567.1), fusion protein (AAA59972.1), PML-RAR (M73779), UNC24,
(AF074953) and SLP-1 (NP_004800).

With enough draft sequence now available to conclusively anchor the interval
flanking markers and intervening sequence, the quality of the sequences acquired
earlier by the Interval Search application may be evaluated. By creating a BLAST
database out of the draft genomic sequence, and BLASTing the sequences acquired
by the Interval Search application, the relevancy of sequence from Interval Search
may be assessed. This analysis showed that 23 out of 133 sequence (17.3%) of the
sequences acquired by Interval Search showed high similarity to the genomic interval
sequence. Unfortunately, the Interval Search process failed to identify any of the
ESTs from the cluster that contained the gene for BBS4. The cluster containing the
BBS4 gene[21] was identified using the Large Scale BLASTing Module. The results
from BLASTing genomic sequence against EST’s from UniGene were manually
examined and candidate clusters were selected based on similarity to previously
identified genes [24]. Details of the BBS4 mutations and molecular genetics are
described in Mykytyn et al. [21].

Although the techniques implemented by these modules within the proposed
software architecture were only indirectly used to identify the BBS4 gene, the
modules proved useful for automating the process of acquiring and analyzing of
genomic sequence by a method not previously attempted. The sequence comparisons
between genomic sequence and human ESTs were used to identify candidate genes
that ultimately led to the identification of the BBS4 gene. The software described
here may be obtained from (http://pdb.eng.uiowa.edu/~tabraun/isl.2). Note that
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the resources used by these applications having frequently changing interfaces
requiring modifications to the applications for continued access to the resources.
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