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Abstract
Introduction
There are two kinds of applications of principal component analysis \(PCA) to analyze population
substructures of genetic polymorphism data. One application is for an individual covariance matrix, and
the other application is for a marker covariance matrix. The former method is already implemented in
EIGENSTRAT \[1]; the latter method, however, is not common because it cannot be applied, if data include
missing typing data \(allele call). Here, we describe some modification of a Mixture Model \[2] \(MM), so
that it can handle data with missing allele calls \(we call it a compensated mixture model \(CMM)
protocol). MM applies PCA to a marker covariance matrix before applying the normal-distribution mixture
model.

Equipment
1. Genotype data file on markers \(e.g. SNPs in our GWAS on gastric cancer), which were selected so that
the marker loci would be independent each other \(an example of such selection criteria is given below
for the analysis shown in Table 1 and Figure 1). 2. CMM program module \(please contact us if you want
to use our in-house software which is written by C++)

Procedure
The calculation procedures for CMM are as follows: 1. Calculate allele frequencies for each locus. 2.
Sample genotype randomly based on the allele frequencies at the missing-data loci for each of the
subjects showing missing allele calls of the loci. 3. Calculate M times M marker covariance matrix \(M is
the number of marker loci). 4. Calculate eigenvectors up to the 3rd or 4th largest eigenvalues of the
covariance matrix. 5. Calculate Bayesian information criterions \(BICs) of the principle components,
assuming K normal-distributions mixture models \(K corresponds to the number of subpopulations). 6.
Count the inferred subpopulation number K based on minimum BIC. 7. Iterate the above steps from 2 to 6
\(we iterated this procedure 200 times in our paper). The result on the 5,197 SNP typing data on the
Chinese and Japanese population of the HapMap project \(SNPs were selected by the following criteria:
physical distances among the SNPs are more than 500kbp, minor allele frequency more than 3%, and
missing genotype call rate less than 5%) are shown in Table 1 and Figure 1.
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Figures

Figure 1
Table 1 The number of counts of the inferred subpopulation number based on Bayesian information
criterion for the HapMap Chinese and Japanese data on the 5,197 SNPs.

Figure 2
Figure 1 Bayesian information criterion values of the 5,197 SNPs of the HapMap Chinese and Japanese
data. A result of 200 iterations of CMM is shown.
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