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 Single Nucleotide Polymorphisms: the most common type of genetic variation in the 
genome across different individuals. 

 They are known locations at the human genome where two alternate nucleotide bases 
(alleles) are observed (out of A, C, G, T). 
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… AG CT GT GG CT CC CC CC CC AG AG AG AG AG AA CT AA GG GG CC GG AG CG AC CC AA CC AA GG TT AG CT CG CG CG AT CT CT AG CT AG GG GT GA AG … 

… GG TT TT GG TT CC CC CC CC GG AA AG AG AG AA CT AA GG GG CC GG AA GG AA CC AA CC AA GG TT AA TT GG GG GG TT TT CC GG TT GG GG TT GG AA … 

… GG TT TT GG TT CC CC CC CC GG AA AG AG AA AG CT AA GG GG CC AG AG CG AC CC AA CC AA GG TT AG CT CG CG CG AT CT CT AG CT AG GG GT GA AG … 

… GG TT TT GG TT CC CC CC CC GG AA AG AG AG AA CC GG AA CC CC AG GG CC AC CC AA CG AA GG TT AG CT CG CG CG AT CT CT AG CT AG GT GT GA AG … 

… GG TT TT GG TT CC CC CC CC GG AA GG GG GG AA CT AA GG GG CT GG AA CC AC CG AA CC AA GG TT GG CC CG CG CG AT CT CT AG CT AG GG TT GG AA … 

… GG TT TT GG TT CC CC CG CC AG AG AG AG AG AA CT AA GG GG CT GG AG CC CC CG AA CC AA GT TT AG CT CG CG CG AT CT CT AG CT AG GG TT GG AA … 

… GG TT TT GG TT CC CC CC CC GG AA AG AG AG AA TT AA GG GG CC AG AG CG AA CC AA CG AA GG TT AA TT GG GG GG TT TT CC GG TT GG GT TT GG AA … 

 Matrices including thousands of individuals and hundreds of thousands if SNPs are available. 

  Human genetics 
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HGDP data 

•  1,033 samples 

•  7 geographic regions 
•  52 populations 

Cavalli-Sforza (2005) Nat Genet Rev 
Rosenberg et al. (2002) Science 
Li et al. (2008) Science 
The International HapMap Consortium 
(2003, 2005, 2007) Nature 

We will apply SVD/PCA 
on the (joint) HGDP and 
HapMap Phase 3 data. 

 
Matrix dimensions: 

2,240 subjects (rows) 

447,143 SNPs (columns) 
 

Dense matrix:  
over one billion entries 

The Human Genome Diversity Panel (HGDP) 
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GIH 

MEX 

HapMap Phase 3 data 

•  1,207 samples 

•  11 populations 

HapMap Phase 3 
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Indians 
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•  Top two Principal Components (PCs or eigenSNPs)  
(Lin and Altman (2005) Am J Hum Genet) 

•  The figure renders visual support to the “out-of-Africa” hypothesis. 

•  Mexican population seems out of place: we move to the top three PCs. 

Paschou, Lewis, Javed, & Drineas (2010) J Med Genet Mahoney rheas 2045
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Not altogether satisfactory: the principal components are linear combinations 
of all SNPs, and – of course – can not be assayed! 

Can we find actual SNPs that capture the information in the singular vectors? 

Formally: spanning the same subspace. 

Paschou, Lewis, Javed, & Drineas (2010) J Med Genet Mahoney rheas 2045
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☐ PCA fends orthogonal directions of maximal variance ( Interpretation favored
in statistics
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