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Overall goal

ïAdd value to existing public SNP databases

ïSupport multiple experimental added-value SNP analysis 

packages

Core application:

improving the search for candidate gene selection in 

quantitative trait analysis

ïAnalysis of genetic factors in observed quantitative phenotypes

Åresistance / susceptibility to a certain disease

Ålife span, weight, é

Build a flexible data infrastructure to support current 

biology research involving gene polymorphism (SNP)
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Example: study on a parasite worm

Trichuris trichiura Trichuris muris

ÅSame life cycle

ÅNatural parasite of mice

Genetic Component to Susceptibility to Trichuris trichiura: 

Evidence from Two Asian Populations
S. Williams-Blangero et al. - Genetic Epidemiol. 2002 22 (5):254

óôéé.28% of the variation in Trichuris trichiura loads was 

attributable to genetic factors in both populations.ôô
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Finding candidate genes

ÅCandidate gene determination is an area of active 

research

(A. Chakravarti. Population genetics ïmaking sense out of sequence. Nature 

Genetics, 21(Suppl. 1), January 1999)

ÅCurrent methodology involves QTL mapping

ïExperimental method to correlate quantitative phenotype with 

genotype

ïAssociates a region on the chromosome to a specific phenotype 

through complex in-breeding schemes

Mixed responders

ResistantSusceptible
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The challenge

ÅA QTL may contain hundreds or thousands of genes

ÅQuantitative phenotypes are often polygenic

ÅDetermination of candidate genes is a difficult and slow process

Example QTL (chr 12)

Automation is needed to narrow the scope of the search to a 

manageable size
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SNPs and their role in QT analysis

SNP: Single Nucleotide Polymorphism

ïsingle-base change in a strain relative to a reference strain 

(mus musculus)

ÅStrategy

ïIdentify areas of greatest difference between resistant / 

susceptible strains

ïPrioritize candidate gene search using the density of highly 

differentiated gene regions
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SNP informativeness

ÅRank SNPs according to strain differences

ÅStrain allele: nucleotide base replacement for a SNP 

observed in a single strain

Strain group 1

(resistant)

Strain group 2

(susceptible)

Group score model:

ÅCompare susceptible strains 

vs resistant strains

Perfect score:

ÅDisjoint sets of alleles

ÅNo missing alleles
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Group strain score model
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Example
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Score model performance

ÅNo standard test dataset

ÅCriteria: evaluate ranking of polymorphic genes

ï Based on known candidate genes for HDL (cholesterol) QTL regions

ÅFrom SNP scores to gene scores:

High-score SNP density / total SNP density
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Score selectivity

HDL data on Perlegen

{ CAST/EiJ, C57BL/6J } vs { C3H/HeJ, FVB/NJ }

7090 / 101,896 = 6.9%

Translates to < 20 candidate genes
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The SNPit project

ÅA "lightweight" SNP database designed to support 

genetic research

ïgene identification in QTLs is one application

ïHope to answer a broader array of research questions beyond 

QTL analysis

ÅSNPit is a secondary DB

ïPrimary sources:  Ensembl (EBI), dbSNP (NCBI), Perlegen 

ÅOthers available, not considered in this study 

MGD    ïsee Nucl. Acids Res., 35(Database issue), 2007

UCSC  ïsee Nucl. Acids Res., 35(Database issue), 2007

Wellcome-CTC Mouse Strain SNP Genotype Set

MPD     ïMouse Phenome Database
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SNPit application challenges

Supports interactive exploratory analysis over large regions

Å Over 50Mb ï200K SNPs/source/session

Typical flow:

1. Region selection (or gene set)

2. Source selection (multiple)

3. Strain group selection ïper-session basis

4. Compute score for each SNP in the region ïon the fly

5. (filter by gene polymorphism)

6. Rank SNPs by score, gene polymorphism ïin-memory sorting

7. Plot density of high-score SNPs over the selected region

Å Change parameters and repeaté

Response times typically within 30secs on a Tomcat deployment, high-end 

server with co-located DBMS (mySQL)
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Why multiple SNP DBs

ÅSNP databases differ

ïPartially overlap in structure and content

ïDifferent update policy and frequency

ÅBiologists like to choose their sources

ïBased on experience, prior usage, confidence

ÅThe SNPit application offers an explicit choice

ÅIt exploits complementary features and content of the 

DBs
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Data architecture

SNPit

DB

Ensembl

SNP
dbSNP Perlegen

SNPit

Web app

SNPit

Web Service

load load load

rsId ssId

PerlegendbSNPEnsembl

Interdependent 

materialized views

Åno single global schema

Åqueries against the views

Åsome queries can be directed

to more than one DB

ÅEnd-user web app

ÅWeb Service accessible as a 

workflow processor (Taverna)

Periodic updates

Core 

Data processing Score 2

é

Score 1


