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Combine all non-synonymous variants in a

single test

Theory:
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variation at one extreme Kryukov et al., PNAS 2009



Combining variants in a single test

Disease Control



Combining variants in a single test
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How do we know that the variant is

Population genetics

Mutation creates
variation

Unfavorable mutations
selected against

Reproduction and
mutation occur

Favorable mutations
more likely to survive

... and reproduce
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functional?

Bioinformatics

His66Arg
P23946: Chymase precursor v
...IVISNGPSKFCGGFLIRRNFVLTAA H CAGRSITVTLGAHNITEEEDTWQKL. . .
Sequence alignment
LASCGGFLIRRNEVLTAAH FIMVTLGAHNIQ
LASCGGFLIRRNFVLTAAH FIMVTLGAHNIQ
LASCGGFLIRRNFVLTAAH FIMVTLGAHNIQ
FLI DEVLT H SVTVT HNIQ

Feature annotation
Key Begin End Description

l ACT SITE 66 66 Charge relay system.

I ACT SITE 110 110 Charge relay system.

l ACT SITE 203 203 Charge relay system.

PREDICTION

Probability that the variant is functional



Most functional mutations are under

selective pressure even if the trait is not

Selective effect of mutation

Deleterious Neutral Advantageous

Functional ]
New
mutation

Nonfunctional

Selection indicates functional mutations, whether or not the
tested trait is under selection



Allele frequency is informative about

selective pressure

e What is the optimal way to incorporate allele frequency
information into a burden test?

e |s there a natural threshold of allele frequency?

e |[s there an optimal way to weight allelic variants with
respect to their allele frequency?



Allele frequency has to be taken into

account when combining variants

Cases Controls
SNP1 1 0
SNP4 1 0
SNP7 1 0
SNP8 0 1
SNP2 2 2
SNP6 4 2
SNP3 10 1
SNP5 195 210



Probability that a variant is functionally

significant given its allele frequency
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However, this dependence is not robust with respect to s;!



“Goldilocks” alleles

e Special case in terms of study design: alleles of large
effect that are frequent enough to be followed up
individually in a larger population sample.

e Such “goldilocks” alleles are observed in the simulations.

There is no optimal and robust weighting scheme or
optimal threshold!



Variable threshold (VT) approach
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Variable threshold (VT) approach

Cases Controls
SNP1 1 0
SNP4 1 0
SNP7 1 0
SNPS8 0 1
SNP2 2 2
SNP6 4 2
SNP3 10 1
SNP5 195 210



Variable threshold (VT) approach
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Variable threshold (VT) approach
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Variable threshold (VT) approach

Cases Controls
SNP1 1 0
SNP4 1 0
SNP7 1 0
SNP8 0 1
SNP2 2 2
SNP6 4 2
SNP3 10 1
SNP5 195 210



Variable Threshold (VT) approach
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z(7) is the z-score of a regression across samples of phenotypes vs.
counts of alleles with frequency below threshold T.

We maximize z(T) over T. Type I error is controlled by permutations.

Price, Kryukov et al., AJHG 2010



Beyond allele frequency

e Allele frequency does not capture all information about
selective pressure.

e |t is possible to further stratify allelic variants of the same
frequency.

 Alleles under selective pressure are, on average, younger
than neutral alleles. This is true even if they are at the
same frequency.



Allelic age is informative even

conditionally on frequency

Maruyama effect (1974): at any frequency advantageous, or
deleterious alleles are younger than neutral alleles
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Intuition behind the effect

Frequency x

Frequency 0%

f Shorter trajectory: 4 jumps \

{ Longer trajectory: 6 jumps \

Time

Allelic age can be measured by density of younger mutations and
by LD decay



Bioinformatics predictions

His66Arg
P23946: Chymase precursor v

. IVTSNGPSKFCGGFLIRRNFVLTAA H CAGRSITVTLGAHNITEEEDTWQKL. . .
Sequence alignment

AS FI NEVLTAAH FIMVT HNIQ
LASCGGFL NFVLTAAHC FIMVT HNIQ
ASCGGF] NFVLTAAHC FIMVTLGAHNIQ
Q\ Fl DEVLTAAH SVTVT HNIQ
Feature annotation
Key Begin End Description

Structure
l ACT SITE 66 66 Charge relay system. :

l ACT SITE 110 110 Charge relay system.
l ACT SITE 203 203 Charge relay system.

PREDICTION /




Does the mutation fit the pattern of past

evolution?

SSTKLDER

GSTTRLE

Statistical issues:
-sequences are related by phylogeny
-generally, we have too few sequences



Predictions based on protein
structure

* Most of pathogenic mutations are important for stability.

* Heuristic structural parameters help with predictions (albeit less than
comparative genomics)



PolyPhen-2
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www.genetics.bwh.harvard.edu/pph2  Adzhubei, et al. Nature Methods 2010



Incorporation of PolyPhen-2 scores

into VT-test
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We incorporated weights approximating these distributions into
the test for alleles with frequency below 1%

2(T)= ii éTCij(n'j - 7_75) ii(éTCij)z:r

i=l j=l i=l j=l

Price, Kryukov et al., AJHG 2010



Power of Various Approaches Using Simulated Phenotypes

T1 15 WE VT VTP
a = 0.001 0.135 0.180 0.097 0.205 0.257
a=0.05 0.547 0.502 0.545 0.598 0.686

Results for Three Empirical Data Sets

T1 T5 WE VT VTP
TG 0.013 0.00009 0.0024 0.00036 0.00006
T1D  0.001 0.0000006  0.0000009 0.0000012 0.0000001
BMI  0.041 0.064 0.014 0.013 0.0027



This is a general approach

* Prediction scores can be easily incorporated into other
tests such as WSS, CMC, RVE, C-alpha etc.

e Other available prediction methods include SIFT, Pmut,
SNAP, SNPs3D, GERRP etc.

 The same approach cab take into account sequencing
errors.



We are likely to be underpowered to detect the

effect of individual genes on traits

Combining signal from multiple genes can dramatically
Increase power

*Although we do not know the right pathways, we can
attempt constructing them automatically



SNIPE method

http://string.embl.de/




SNIPE method

http://string.embl.de/




SNIPE method
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