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Phenotypes and classification methods

| used only

e the training data of 145 genomes+phenotype profiles and

e the GWAS catalog to select SNPs associated with a phenotype in a previous study.

Only K = 9 phenotypes were used:

k | phenotype prediction method SNPs used covariates
1 | sex ad hoc presence of any SNP on chr Y
2 | ’baldness’ logistic regression rs2497938 sex, age
3 | astigmatism logistic regression rs10496034, rs1658442, rs7534824 | age
4 | osteoarthritis logistic regression rs1417066, rs3757837 sex, age
5 blood type rh logistic regression rs590787
blood type ABO conditional multinomial | rs8176719, rs8176747
6 | eye color blue logistic regression rs12913832
7 | floaters 6 nearest neighbors random 1000 SNPs not on chr Y
8 | high triglycerides | 6 nearest neighbors random 1000 SNPs not on chr Y
9 | gingivitis 6 nearest neighbors random 1000 SNPs not on chr Y

Example ’baldness’

P(bald) =

1

1 1+ g—(=1.461 +1.74 . (male & age>50) — 2.74.rs2497938)
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Probabilities of
Matchings

Stochastic matrix M
n = 23 genomes Xi,...,Xp

ENT N = 101 phenotype profiles yp, . .., Y,

| determined the 23 x 101 stochastic matrix
M = (P(y/|x,)) . Where P(y;|x;) = H P( y/ [ ;).

(assuming |ndepence of phenotypes)
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Made M quadradic

e Introduced 101 — 23 dummy (missing) genomes Xpi1, . . . , Xy

M= (P(y;|x))

1<ij<N

e M was now a 101 x 101 stochastic matrix.

e 'Dummy’ rows 24, ..., 101 of M constitute a prior on phenotypes and are
important!

Matching example

0.187 0.122 P1 o problem is symmetric:

0.002 P2 each gﬁggomt;?pe profile assigned to exactly one

0.202 0.011 P3 e seek a bijective mapping
m:{1,...,101} = {1,...,101}
e 7 depends on whole matrix M

phenotype profile
genome
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Predicting Phenotypes

Matching/permutation Il

The unknown matching is a permutation and is modeled as a
random variable

M:{1,...,N} = {1,...,N}.

Joint distribution of matching, genomes and phenotype profiles:

N
P(N =n,x,y) = P(M=7)-P(x) - H P(Yxiy | Xi),
=1/N! =

where X :=Xy,....,. Xy andy :=Vyq,...,Yn-



A Markov Chain
Monte Carlo

watma cenomes | sSubmiitted an estimate of the doubly stochastic matrix S

to Phenotype Profiles
Mario Stanke
- S:= (si) = (P(N() = 1 x.¥))
P2
P3

1<ij<N

T

e Entry s;; of S holds the probability that genotype i is
matched with phenotype profile j, given all the genomes
and profiles.

Procicting Phenotypes e The rows and columns of S add up to 1:
_ Each phenotype is matched to exactly 1 genotype and
vice versa.
o Computing s;; exactly from M is equivalent to computing
the permanent of the matrix (e.g. Volkovs and Zemel,
NIPS 2012) obtained from M by deleting the i-th row and

J-th column.
perm(A) = ) H & n(i)

TeEXy i=1
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A Markov Chain

Tento @ Approximating S using Markov Chain Monte Carlo (MCMC)

Approach for
wenmonmemaies  Sample from the posterior distribution on matchings
Mario Stanke N
Pl P(m|X,y) o H P(Yxiy | Xi)-
P2
P3

=1

o Markov chain defined on the set of all permutations with
P(7 | x,y) as limiting distribution

e implemented sample-matchings, Metropolis algorithm,

Procicting Phenotypes C++, chain was run for 107 iterations, < 3 min

_ e http://bioinf.uni-greifswald.de/bioinf/

cagi/sample-matchings-0.1.tar.gz

hu0165DF
hu048C92
hulA8107

Example: computing S from M

0.187 0.122 P1 0.053 0.027 P1
M= 0.002 P2 S= 0.008 P2

0.202 0.011 P3 0.292 0.071 P3
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http://bioinf.uni-greifswald.de/bioinf/cagi/sample-matchings-0.1.tar.gz
http://bioinf.uni-greifswald.de/bioinf/cagi/sample-matchings-0.1.tar.gz

Evaluation: same number of hits, but better likelihood
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Evaluation: same number of hits, but better likelihood
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Evaluation: same number of hits, but better likelihood
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23
m = true matching (rectangles)  loglik(A) := In [ Ali. ()]
i1

loglik(M) ~ —93.1 loglik(S) ~ —89.3



