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GWAS: Genome-Wide Association Study

Ritchie M D et al. Circulation. 2013;127:1377-1385

Genome-wide association analysis of QRS 
duration using sex-adjusted linear regression
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PheWAS

• Comprehensively calculating the association between:
• Small to large number of SNPs

• Diverse range of phenotypes from phenotypically rich datasets

• PheWAS has the potential to:
• Provide novel mechanistic insights

• Foster hypothesis generation

• Identify pleiotropy

• PheWAS can be performed as part of:
• Epidemiology cohort studies

• Animal breeding studies

• Prospective clinical trials

• DNA Biobanks linked to electronic health records



• Analysis pipeline for PheWAS

• Establish phenotype classes for analysis

• Data visualization for synthesizing results

• Challenges in interpreting results
• Multiple testing
• Correlations between phenotypes (as well as LD)
• Replication suggested to avoid false positive results
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PheWAS in Epidemiology Cohorts



SNP rs4420638 has previously been associated with LDL cholesterol levels, 
triglycerides, Alzheimer's disease, coronary artery disease

Pendergrass et al. PLoS Genet. 2013;9(1):e1003087
Plot generated by 

PheWAS-View





Pendergrass et al. PLoS Genet. 2013;9(1):e1003087

SNP published for HDL cholesterol and triglycerides in 2008
SNP published for circulating myeloperoxidase levels (serum) in 2013

Plot generated by 
PheWAS-View
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• Comprehensively calculating the association between:
• Small to large number of SNPs

• Diverse range of phenotypes from phenotypically rich datasets

• PheWAS has the potential to:
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• DNA Biobanks linked to electronic health records



Electronic Health Record Based PheWAS

• Electronic Health Record Data (EHR)
• Billing codes

• International Statistical Classification of Diseases and Related 
Health Problems (ICD-9 codes)

• Can create “case/control” status based on the presence/absence 
of diagnosis ICD-9 codes

• Two instances of an ICD-9 code = case, otherwise control

• Clinically measured lab variables

Robust replication of genotype-phenotype associations across multiple diseases in an 
electronic medical record. Ritchie et al. AJHG 2010; PMID: 20362271

PheWAS: demonstrating the feasibility of a phenome-wide scan to discover gene-disease 
associations Denny, Ritchie et al. Bioinformatics 2011; PMID:  20335276



Part of the eMERGE network (Electronic Medical Records in Genomics)

• Vanderbilt University BioVU

• Geisinger Health System MyCode



Electronic Health Record Based PheWAS

Verma S et al., Frontiers in Genetics, in revision

IMPUTE2 Imputed Data

Dataset # Genotyped Samples

Merged eMERGE-I 1M 2,634

Merged eMERGE-I 660 16,029

Geisinger 3,111

Group Health/ U Wash 731

Marshfield/Essentia/PSU 616

Mayo Clinic 3,121

Mount Sinai 6,290

Northwestern 2,951

Vanderbilt 7,616

CCHMC/BCH 5,346

CHOP 6,850

Total – All IMPUTE2 
Imputed Samples

55,292



Electronic Health Record Based PheWAS - ImmunoPheWAS

Verma A, Okula A, Pendergrass SA, in preparation
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Immune/Autoimmune Diagnosis Code Replications



Plot generated by 
Phenogram

Evidence of pleiotropy - ImmunoPheWAS

Verma A, Okula A, Pendergrass SA, in preparation

Cataract and Other Dermatoses

Cardiac dysrhythmias and
Intervertebral disc disorders

Allergic rhinitis and 
Disorders of external ear

Candidiasis and
Erythematous conditions



EHR-only PheWAS
• PheWAS does not REQUIRE genotype data

• EHR phenotypes/variables can be the independent 
variables  associate with one or more clinical 
outcomes of interest
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EHR-only PheWAS
• PheWAS does not REQUIRE genotype data

• EHR phenotypes/variables can be the independent 
variables  associate with one or more clinical 
outcomes of interest

• Use statistical or machine learning methods to look 
for patterns of clinical variables that are predictive 
of adverse clinical outcomes

• Use one EHR as a training set and others as 
validation



Building pipelines and workflows

• Commercial and free software exists for setting up 
pipelines and workflows

• Important considerations:
• Will I be running the same thing every time?

• You do not want to do the same thing repeatedly without some 
automation in the pipeline.

• How much human interaction is needed during the 
pipeline?
• Will you need to implement stopping points to look at the 

data?

• Who all will be using this pipeline?
• Is it for one person, a lab, a unit, an institution?



Galaxy
• http://main.g2.bx.psu.edu/



http://www.taverna.org.uk/





http://www.tavaxy.org/



http://gettinggeneticsdone.blogspot.com



https://www.biostars.org/



http://seqanswers.com/



















Other web resources…

• http://biocyc.org/

• http://metacyc.org/

http://biocyc.org/
http://metacyc.org/
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