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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) 

ASW, MKK, 
LWK, & YRI 

CEU 

TSI 
JPT, CHB, & CHD 

GIH 

MEX 

HapMap Phase 3 data 

•  1,207 samples 

•  11 populations 

HapMap Phase 3 
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Africa 

Middle East 

South Central 
Asia 

Europe 

Oceania 

East Asia 

America 

Gujarati 
Indians 

Mexicans 

•  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



Africa 
Middle East 

S C Asia & 
Gujarati Europe 

Oceania 

East Asia 

America 

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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Propertiesoflictt : o Obtain (approximate) low-dimensional representations
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p PCA find WIFI:#ions of maximal variance : ( Interpretation favored in statistics)
Recall projection perspective of PCA :
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• Variance of dataset projected onto first PC (xIy3i! :

Var
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Clustering
Task : Find clusters / subgroups in a dataset six

.
..
.HeRIP.

° Samples within subgroup similar (homogeneous
o Samples in different subgroups

"

distant / heterogeneous from each other .

I± . Customers of a company→ grouping for targeted marketing .

• Biology : Find groups of genes .

Q
.

. What notion of similarity ? "

Unsupervised learning
"

:
. Precise definition

. No subset of data with
"

correct
"

classification )groupingNote : Fundamentally different from available
.

classification problems!



K- means clustering: [Steinhaus '56, Lloyd '57]
Given n points xn . . .

c- RP
,
find DK centroids q .
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.
[Drineasetal . '04T

.



Lloyd 's algorithm (often called
"

k-means
")

:

Input : Hi.FR
,
desired nr . of clusters K -

exp ✓
a) randomly among

theE.¥7
Fb) k-means -it : fancier1

.

Initialize cnn.cn -

r . 2
.

Repeat until convergence : ..
.

-

2
.

Kid
. . . . .no: Assign x , EM if c .

j

is closest centroid to *
; among

'÷
3

. Update V-j-t.de : .

g- = Eugenia €, dkiidf.e.fi?.ii?piEi s
.

z . 3
.

° Finds local optimum of ¥ oooo o
O oooo G

o Works well for "

convex
" clusters 88.0 0

0000



To consider :

° How to choose ur
. of clusters k?

• Which distance to choose (geometry of underlying space)?
° Initialization : If prior knowledge available , → might be better than.↳

.

° Needs a lot of pairwise distances
.

If no> 105 or so
,

slow→
"

Mini batch KMeans
"

Other clustering methods :

Spectral Clustering :
Based on Laplacian of similarity graph ..

- Hierarchical Clustering : Creates trees


