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Human genetic structure
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Ochoa and Storey (2019a) doi:10.1101/653279

rs17110306; median differentiation given MAF > 10%

Why? Migration and isolation, admixture, family structure
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https://doi.org/10.1101/083915

Single Nucleotide Polymorphism (SNP) data
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Single Nucleotide Polymorphism (SNP) data
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Single Nucleotide Polymorphism (SNP) data
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Dependence structure of genotype matrix
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Dependence structure of genotype matrix
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Dependence structure of genotype matrix
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High-dimensional binomial data
P No general likelihood function
P My work: method of moments

Relatedness / Population structure
P Dependence between individuals (columns)

Linkage disequilibrium
P> Dependence between loci (rows)
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New kinship/GRM estimator for general relatedness
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https://github.com/StoreyLab/popkin

New kinship/GRM estimator for general relatedness
Kinship model for neutral genotypes z;; € {0, 1,2}:

E[z;;] = 2p;, Cov(w,j, z.) = 4p; (1 —p;) -
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New kinship/GRM estimator for general relatedness
Kinship model for neutral genotypes z;; € {0, 1,2}:
E[z;;] = 2p;, Cov(w,j, z.) = 4p; (1 —p;) -

Standard estimator is biased:
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New kinship/GRM estimator for general relatedness
Kinship model for neutral genotypes z;; € {0, 1,2}:
E[z;;] = 2p;, Cov(w,j, z.) = 4p; (1 —p;) -
Standard estimator is biased:
1 & rad . L E (zi; — 2D;) (i — 2D;) P TP TPt
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popkin: first unbiased kinship estimator! R package (Ochoa and Storey, 2021)

1 . new Ajk a-s.
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https://github.com/StoreyLab/popkin

Dataset: Human Origins
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Lazaridis et al. (2014), (2016); Skoglund et al. (2016)

2,922 indivs. from 243 locs. — 588,091 loci — Array
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Kinship matrix of world-wide human population
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https://doi.org/10.1101/653279

Standard kinship estimator is severely biased
New Standard
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Ochoa and Storey (2019) doi:10.1101/653279
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https://doi.org/10.1101/653279

Kinship bias: Consequences? Applications?

P> Genetic association studies
D Heritability estimation
P Admixture inference
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PCA vs LMM in association

Yigi Yao
MB 2020

BenHealth
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https://doi.org/10.1101/2022.03.25.485885

PCA vs LMM in association

Yigi Yao
MB 2020

BenHealth
Shanghai

Association with Principal Components Analysis (PCA)
and Linear Mixed-effects Model (LMM):
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https://doi.org/10.1101/2022.03.25.485885

PCA vs LMM in association

Association with Principal Components Analysis (PCA)
and Linear Mixed-effects Model (LMM):

PCA : y=la+x,6+U;y, +e
LMM : y=1la+x,0+s+e
Yigi Yao
MB 2020
BenHealth
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PCA vs LMM in association

Association with Principal Components Analysis (PCA)
and Linear Mixed-effects Model (LMM):

PCA : y=la+x,6+U;y, +e
LMM : y=1la+x,0+s+e
Yigi Yao U, are top d eigenvectors of kinship matrix ®.
MB 2020 s ~ Normal (0, 02®).

BenHealth
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PCA vs LMM in association

Yigi Yao
MB 2020

BenHealth
Shanghai

Association with Principal Components Analysis (PCA)
and Linear Mixed-effects Model (LMM):

PCA : y=la+x,6+U;y, +e
LMM : y=1la+x,0+s+e

U, are top d eigenvectors of kinship matrix ®.
s ~ Normal (0,02®).

P PCA is faster but low-dimensional
P LMM is slower but can model families

Yao and Ochoa (2022) doi:10.1101/2022.03.25.485885
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https://doi.org/10.1101/2022.03.25.485885

PCA < LMM in association for real datasets
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https://doi.org/10.1101/2022.03.25.485885

Numerous distant relatives in real datasets
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https://doi.org/10.1101/2022.03.25.485885

Numerous distant relatives in real datasets explain PCA < LMM

Yigi Yao
MB 2020
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Kinship bias does not affect genetic
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Kinship bias does not affect genetic associations
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Kinship bias doesn’t matter? Proved with linear algebra!
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Kinship bias affects heritability estimation
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Nephrotic Syndrome association study

Severe pediatric kidney disease. 1000 cases/1000 controls;
multiethnic; LMM association
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Nephrotic Syndrome association study

Severe pediatric kidney disease. 1000 cases/1000 controls;
muItlethmc LMM association
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LIGERA: light genetic robust association

P Enabled by unbiased kinship

P Like LMM but reverses trait and genotype

,5 P> Faster by avoiding costly “variant component” fitting
4
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LIGERA: light genetic robust association

P Enabled by unbiased kinship
P Like LMM but reverses trait and genotype
P> Faster by avoiding costly “variant component” fitting
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LIGERA: light genetic robust association: scalability
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Population kinship driven by admixture in Hispanics

di
0 (1K1 1 1100 SN 10 WA 111 1 | I —

LUl

“mw 1 HHH\HH V

dddddddddd

>
: ‘

Och Stor (2019b) doi:10.1101/653279

[

20/24


https://doi.org/10.1101/653279

Kinship under the admixture model

Amika Sood
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Kinship under the admixture model
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Kinship under the admixture model
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Kinship under the admixture model
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AdmixCor: accuracy
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Unbiased kinship estimates:

Individuals
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