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Traditional Approach







Genome-wide Association Studies (GWAS)

• Technology has advanced rapidly creating many 
molecular genetic tools for data generation

• Hundreds of thousands to millions of markers

• Hundreds to thousands of individuals
• Population based

• Family based

• Whole genome sequencing is the new frontier of 
data generation
• Increasing data at all levels of biological variation
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Distribution of Effects



Moore and Williams. Am J Hum Genet. 2009; 85(3): 309–320





Missing Heritability

• Under our nose

• Out of sight

• In the architecture

• Underground networks

• Lost in diagnosis

• The great beyond

Maher, B. Nature 2008; 456:18-21



Biology is complex



Molecular biology is complex



Biology is complex

Joel Dudley-SlideShare







Epistasis

 Epistasis – two or more genes interacting in a non-additive manner to confer 
disease risk; gene-gene interactions
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Moore and Williams, BioEssays 27:637–646, 2005

Statistical Epistasis vs. Biological Epistasis



Epistasis is important because…

 Biologists believe bio-molecular interactions are very common

 Identifying “the gene” associated with common disease has not been as successful 
like it has for Mendelian disease

 Epistasis is detected when properly investigated

 Mendelian single-gene disorders are now being considered complex traits with 
gene-gene interactions (modifier genes)

 Most people agree epistasis exists but the degree of 
independent main effect with epistasis versus interaction 
effects in the absence of statistically detectable main effects 
are a topic of controversy



Traditional Statistical Approaches
Genetic Epidemiology - Association Analysis

 Typically one marker or SNP at a time to detect loci 
exhibiting main effects

 Follow-up with an analysis to detect interactions 
between the main effect loci

 Some studies attempt to detect pair-wise interactions 
even without main effects

 Higher dimensions are usually not possible with 
traditional methods



Traditional Statistical Approaches
Genetic Epidemiology - Association Analysis

 Logistic Regression

Small sample size can result in biased estimates of 
regression coefficients and can result in spurious 
associations (Concato et al. 1993)

Need at least 10 cases or controls per independent 
variable to have enough statistical power (Peduzzi et al. 
1996)

Curse of dimensionality is the problem (Bellman 1961)



Curse of Dimensionality
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If interactions with minimal main effects are 
the norm rather than the exception, can we 
analyze all possible combinations of loci with 
traditional approaches to detect purely 
interaction effects ?

NO



SNP’s in each subset
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How many combinations are there?

 ~500,000 SNPs to span the genome (HapMap)

1 2 3 4 5

5 x 105

2 x 1016

1 x 1011

3 x 1021

2 x 1026

2 x 1026 combinations

*     1 combination per second

*   86400 seconds per day

---------

2.979536 x 1021 days to complete

(8.163113 x 1018 years)
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How many combinations are there?

 ~500,000 SNPs to span the genome (HapMap)

1 2 3 4 5

5 x 105

2 x 1016

1 x 1011

3 x 1021

2 x 1026

2 x 1026 combinations

*     1 combination per second

*   86400 seconds per day

---------

2.979536 x 1021 days to complete

(8.163113 x 1018 years)

5 Million SNPs in current technology

# SNPs # models time**

1 SNP 5.00x106 5 sec

2 SNPs 1.25x1013 144 days
3 SNPs 2.08x1019 2.4x108 days

4 SNPs 2.60x1025 3.01x1014 days

5 SNPs 2.60x1031 3.01x1020 days

**assuming 1 CPU that performs 1 million 

tests per second
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 ~500,000 SNPs to span the genome (HapMap)

1 2 3 4 5
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1 x 1011

3 x 1021

2 x 1026
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*     1 combination per second

*   86400 seconds per day

---------

2.979536 x 1021 days to complete

(8.163113 x 1018 years)

5 Million SNPs in current technology

# SNPs # models time**

1 SNP 5.00x106 5 sec

2 SNPs 1.25x1013 144 days
3 SNPs 2.08x1019 2.4x108 days

4 SNPs 2.60x1025 3.01x1014 days

5 SNPs 2.60x1031 3.01x1020 days

**assuming 1 CPU that performs 1 million 

tests per second

5.47x1012 days



Traditional Approach

 Advantages

Computationally feasible

Easy to interpret

 Disadvantages

Genes must have large main effects

Difficult to detect genes if interactions with other 
genetic and environmental factors are important

CANNOT do an exhaustive search



New Statistical Approaches
• Review paper

• Pharmacogenomics. 2007 8(9) :1229-41.

• Reviews approximately 40 methods developed to detect gene-
gene and gene-environment interactions



New Statistical Approaches



New Statistical Approaches
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Complex Fitness Landscape
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Epistasis in GWAS Data

 Exhaustive evaluation

 Evaluate interactions in top hits from single-SNP 
analysis

Use prior biological knowledge to evaluate specific 
combinations – “Candidate Epistasis”

Carlson CS, Eberle MA, Kruglyak L, Nickerson DA. Mapping complex disease loci in whole-genome association 
studies. Nature 2004 May 27;429(6990):446-52.



Goal: to build biologically plausible 
models of gene-gene interactions 

to test for association using an 
automated bioinformatics tool 

based on biological features



• Use publicly available databases to 

establish relationships between 

gene-products

• Suggestions of biological epistasis 

between genes

• Integrating information from the 

genome, transcriptome, and 

proteome into analysis 

Bush WS, Dudek SM, Ritchie MD.  Biofilter: a knowledge-integration system for the multi-locus analysis 

of genome-wide association studies. Pacific Symposium on Biocomputing, 368-79 (2009).

The Biofilter



Bush WS, Dudek SM, Ritchie MD.  Biofilter: a knowledge-integration system for the multi-locus analysis 

of genome-wide association studies. Pacific Symposium on Biocomputing, 368-79 (2009).

LOKI: Library of Knowledge Integration



The Biofilter
• Method described: Bush et al. 2009 Pacific Symposium on 

Biocomputing, Pendergrass et al, BioData Mining,2013 
Applications
• Multiple Sclerosis

• Bush et al. 2009 ASHG talk, 2011 Genes & Immunity

• HDL

• Turner et al. 2010 ASHG Talk, 2011 PLoS ONE

• HIV Pharmacogenomics

• Grady et al. 2010 ASHG poster, 2011 Pacific Symposium on 
Biocomputing

• Lipid traits

• Holzinger et al. in preparation
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Candidate Epistasis Analysis of GWAS

Four Step Process

1. Relate SNPs to Genes

2. Relate genes to one another

3. Generate multi-SNP models using this information

4. Evaluate the multi-SNP models using statistical 
technique



Relate SNPs to Genes

AFD83625

Gene Region

Pair-wise D’
HapMap Project

Threshold = 0.8

LD-Spline: Mapping SNPs on genotyping platforms to genomic regions using patterns of linkage 
disequilibrium.  Bush WS, Chen G, Torstenson ES, Ritchie MD. BioData Min. 2009 Dec 3;2(1):7

http://www.ncbi.nlm.nih.gov/pubmed?term=%22Bush%20WS%22%5BAuthor%5D
http://www.ncbi.nlm.nih.gov/pubmed?term=%22Chen%20G%22%5BAuthor%5D
http://www.ncbi.nlm.nih.gov/pubmed?term=%22Torstenson%20ES%22%5BAuthor%5D
http://www.ncbi.nlm.nih.gov/pubmed?term=%22Ritchie%20MD%22%5BAuthor%5D


Candidate Gene/Regions

• Previous Linkage Regions

• Differential Gene Expression

• Candidate Pathways

• Known biology

• …

Candidate Epistasis
• KEGG  (Pathways)

• DIP (Protein-protein interactions)

• PFAM (Protein families)

• GO (Gene Ontology)

• Reactome (Pathways)

• Netpath (Signal transduction)
• …

Using Biofilter: Prioritizing Analysis



Candidate Approaches
Pros

• Smaller set of genes to explore

• Fewer statistical tests

• Results will have solid 
interpretations

Cons

• Limited by current state of 
knowledge

• Limitations of learning completely 
novel biology



 930 trio families from US and UK (IMSGC)
 Genotyped on Affymetrix 500K array
 Post QC ~300,000 SNPs



2132211 xxxx  Full Model

Reduced Model 2211 xx  

 Reduction of search space from 53 billion 
models to 20 million models but this could 
be reduced further



Figure 1



 eMERGE Genome-wide association study (Illumina 660)

 Phenotype: median HDL for anyone having 2+ HDL 
measurements in their EMR

 Marshfield PMRP n=3903

 Vanderbilt BioVU n=1858



Figure 1



• Tested 22,769 two-SNP models in Marshfield (discovery).

– 11 significant (pint<0.01, panova<0.05)

• Tested 11 two-SNP models in BioVU (replication).

– 6 marginally significant (pint<0.05, panova<0.10).

– 2 had consistent direction for all three s.



• Main effects of each SNP in each dataset reduce HDL. 

• Interaction effect coefficient is positive 

• Joint effect is nonlinear

• Epistasis – heterogeneity, antagonism, negative epistasis

• This kind of effect also seen in 4/5 sig. GxG interactions in 
IDDM (Barrett et al. 2009 Nature Genetics)

SNP 1 Gene 1 SNP 2 Gene 2 MF  1 MF  2 MF  3 MF P BioVU 1 BioVU 2 BioVU3

BioVU

P

rs253 LPL rs2515614 ABCA1 - - + 0.006 - - + 0.001

rs253 LPL rs2472509 ABCA1 - - + 0.006 - - + 0.001

Application of the Biofilter:
HDL - eMERGE

Turner et al, PLoS ONE 2011.



• LPL mediates the release of FFA and TG from HDL 
particles.

• ABCA1 shuttles free cholesterol into HDL particles 
during intravascular remodeling.

SNP 1 Gene 1 SNP 2 Gene 2 MF  1 MF  2 MF  3 MF P BioVU 1 BioVU 2 BioVU3
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Biofilter



Beyond simple epistasis models….



Pathway Analysis Approaches

• Ingenuity systems pathway analysis 
• IPA  www.ingenuity.com (free trial)

http://www.ingenuity.com/


Pathway Analysis Approaches

• Database for Annotation, Visualization and 
Integrated Discovery (DAVID )
• provides a comprehensive set of functional annotation 

tools for investigators to understand biological meaning 
behind large list of genes



• Step-by-step instructions for using DAVID



DAVID tools are able to…
1. Identify enriched biological themes, particularly GO terms

2. Discover enriched functional-related gene groups

3. Cluster redundant annotation terms

4. Visualize genes on BioCarta & KEGG pathway maps

5. Display related many-genes-to-many-terms on 2-D view

6. Search for other functionally related genes not in the list 

7. List interacting proteins

8. Explore gene names in batch 

9. Link gene-disease associations 

10. Highlight protein functional domains and motifs 

11. Redirect to related literatures 

12. Convert gene identifiers from one type to another

13. And more 



Pathway Analysis Approaches



Pathway Analysis Approaches



Alternative pathway approaches

• Multiple pathway approaches in development
• Gene set enrichment analysis (GSEA)

• INTERSNP

• PATH

• Prioritizer

• and many more…..

• Many use overlapping sources of data

• All have strengths and weaknesses



Alternative pathway approaches



Alternative pathway approaches



Alternative pathway approaches



Alternative pathway approaches



Alternative knowledge base approaches

• Protein-protein interaction databases

• Gene ontology

• Function-based GWAS
• Using eQTL information

• Text mining applications
• Textspresso

• GRAIL



Gene based 



Gene based analysis

http://x004.psycm.uwcm.ac.uk/~peter/



Gene based analysis



• Interpretation
• Easy to create a story

• Size of gene/pathway
• More likely to have significant results by chance if they are 

bigger

• Use methods that perform permutation testing to account 
for gene/pathway size



Biofilter



Polygenic modeling (En Masse)















Biofilter



Genomic Convergence

• Multifactor approach that combines different kinds 
of genetic data

• Identify and prioritize susceptibility genes for 
complex traits

• Assumption
• Regions of the genome that harbor susceptibility genes 

will show evidence of linkage, association, and/or 
differential gene expression



Genomic Convergence



Genomic Convergence



Genomic Convergence



Biofilter



Molecular biology is complex



Meta-dimensional

• Meta- (from Greek: μετά = "after", "beyond", "with", 
"adjacent", "self") to indicate a concept which is an 
abstraction from another concept

• Meta-dimensional analysis of phenotypes 
• Abstracting from multiple data source

• Abstracting from multiple data types

• Abstracting from multiple data sets



Meta-Dimensional Example
SNPs

Rare variants

methylation gene expression

protein expression

More DNA damage

increased replication of 
damaged cells



ATHENA

• Analysis Tool for Heritable and Environmental 
Network Associations
• Integrate genetic, environmental, and prior biological 

knowledge 

• Thorough data analysis

• Combination of categorical and continuous independent 
and dependent variables



















Summary



Summary

Party on the data





www.genetic-programming.org

• marylyn.ritchie@psu.edu

• http://ritchielab.com

Just because we have not found it 
yet, doesn’t mean it’s not there…..


