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Intro

Non-additive variation in human
traits
Relative importance of epistasis is controversial?

» Epistatic gene action is different
from statistical epistasis

o Statistical epistatic trait variance
depends on allele frequencies?

e Estimated “additive” effects are
function of non-additive effects?

* Majority of the heritability of
complex traits “missing’s

1 Hill et al. (2008), PLOS Gen
2 Hivert et al. (2021), PLOS Gen
3 Young (2019), PLOS Gen

Frequency

15

o

0

Hill, Goddard, and Visscher (2008). Distribution
vz — 2rp; for all traits on human twins.

Mean = 0.003

L

SD =0.20
N =86 _L

<5 04 03 02 -0.1

1z - trait correlation monozygous twins

0

0.1

0.2

vz — 2Inz

r'py - trait correlation dizygous twins

03 >.35

vz — 2rpy > 0 implies nonlinear contributions



Marginal Epistasis

Explicit search space

Epistasis as combinatorial problem

e There are p(p — 1)/2 possible ,
interacting pairs for p SNPs | :

+ Idea: Prioritize search for variant ¢ @ -

interactions using marginal swvea (@) Symmetric axis x = y
epistatic effects
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Approach

Starting point: The Marginal Epistasis Test (MAPIT)

Variant vectors

Populatlon mean | l | EI”

y = ,u + X, + ﬂlxl + 2 a(X,ox)+¢e, €~MVN (O, 1'21)
N I

Trait Linear Effect Sizes Interaction
Effect Size

Interactions

=pt+ X +m+g +e
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Crawford et al. (2017), PLOS Gen



Marginal Epistasis

Approach

Normal assumption for effect size trick for

underdetermined data _
Y=p+ X +m+ g +¢

e (Genetic Relatedness Matrix

K=X_X,

p
e Covariance of the interaction Iy MVN (O’ W K)
of SNP k with it’s background

G = D KD, with g~ MVN (O, GZG)
D =d
. = diag(x,) .~ MVN (O, Tzl)

 Estimate variance parameters
jointly using MQS

Crawford et al. (2017), PLOS Gen



Marginal Epistasis

MAPIT

Null Hypothesis and Test

* We want to test for
marginal epistatic effects

* Use MQS™ to estimate
variance components

* Under the null hypothesis
assume mixture of chi-
sguared?

1 Zhou (2017), AOAS
2 Crawford et al. (2017), PLOS Gen



MAPIT

Simulations of complex traits
@ " 00 o0

Scenarios
* Null Hypothesis true: no epistasis
* Epistasis with varying parameters

Additive

mvLMMs i-LDSC

Parameters

- Broad sense heritability H>
* Proportion of heritable variance due to

epistasis H*(1 — p)

Additive

Conclusion

SNPs



MAPIT

Simulations of complex traits
@ " 00 o0 00 SNPs

I Group T

Additive

@ Additive SNPs Marginal epistasis e.g.
‘ Epistatic Group 1 s gxl — (Xl o X3) AT + (Xl o X4) AV + (Xl o X5) * 5
‘ Epistatic Group 2 o gx3 — (Xl o X3) ik + (X2 o X3) * U3
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Marginal Epistasis

Simulations
Estimating PVE

Group 1

10 Causal SNPs in Group 1
* Scenario I: 10 SNPs in Group 2
* Scenario Il: 20 SNPs in Group 2

* Scenario lll: 50 SNPs in Group 2

Estimated PVE (per SNP)

* Scenario IV: 100 SNPs in Group 2 o L
- B ?
Group 1 SNP ¢ -H-
Group 2 SNP |
| l I [ l \Y
* Epistasis is 20% of PVE 11 Scenarios  Crawford et al. (2017), PLOS Gen



Space of All Possible

Real Data: Geuvadis consortium Epistatic

Pairs

Informed reduced o
Pairs with
search space Significant
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mvLMMs

Multivariate LMM

* (Genetic correlations between traits maintained by pleiotropy’

* Multivariate modelling improves GWAS?

= (Can we leverage genetic correlations to improve detection of epistasis?

Trait 1 Trait 2 Trait d

g &

Additive

Additive

Additive

1 Chebib and Guillaume (2021), Genetics
2 Zhou and Stephens (2014), Nature 13



mvLMMs

Approach

Multivariate extension of MAPIT (InvMAPIT)

0029
MAPIT “ mvMAPIT C \ g —
Yir o Vid
« Onetraity = (yy, ...,yn)T . Many traits ¥ = | : - :
Yn1  °° Yud
* Only covariance between samples * Covariance between samples and
g. ~ MVN (O, 02G) variance components :
g ~ MN, 4 (O’VG’ o G)
 Estimate variance components  Estimate d choose 2 variance and
02 = yTAky covariance components 6\%2 — leAkyz

Crawford et al. (2017), PLOS Gen 14 Stamp et al. (2023), G3



mvLMMs

MmvMAPIT

Modelling cross-trait genetic correlations of interaction effects

Y1 Yo
r/ ai azs B
X4 X5 X3 X4

5 Stamp et al. (2023), G3

Traits

SNPs




mvLMMs

Empirical Power
Genetic correlations improve power of mvMAPIT
Additive

Correlation between
epistatic effect sizes V12

Trait 2

H?* = 0.3
MAPIT MAPIT mvMAPIT | mvMAPIT MAPIT MAPIT mvMAPIT mvMAPIT
Trait 1 Trait 2 Covariance JCombined Trait 1 Trait 2 Covariance Combined

*significance threshold a = 0.05; p = 0.5 i Stamp et al. (2023), G3



Real Data*

Genetic correlations reveal strong signal of
epistasis
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Stamp et al. (2023), G3
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i-LDSC

I-LDSC regression

Non-additive effects in complex human traits

.’..‘\ Cold Q Q
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THE PREPRINT SERVER FOR BIOLOGY

* |ncluding epistasis
Improves heritability
estimates in GWAS

New Results A Follow this preprint

o E p | S't a S | S |S m O re pe rV as | Ve Accounting for statistical non-additive interactions enables the recovery
. h 't . 't 'th of missing heritability from GWAS summary statistics
I n u m an ral S an Samuel Pattillo Smith, & Gregory Darnell, “=' Dana Udwin, ) Arbel Harpak, =/ Sohini Ramachandran,

previously reported
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Generative Model

Polygenic trait architecture

. V[XB] + V[WO] = H? is the
broad-sense heritability

. V[XB] = h? = pH*is the
narrow-sense heritability

« VIWO] = (1 — p)H2 makes up
the remaining variation

* p measures the proportion of
variance that is explained by
additivity.

19

i-LDSC

Pairwise cis-
Acting Interaction
Matrix

l l Additive
y=Xp+ W0 +¢

T

Linear Interaction
Effects Effects

e ~ N0, (1 =HH)

Genotype
Matrix

Smith, Darnell et al., bioRxiv



i-LDSC

I-LDSC regression

Extending the LD Score Regression Framework

LD Score Regression Interaction-LD Score
 Taking the expectatlon of GWA test . Taklng the expectation of GWA test statistics
statistics y? Nﬁﬂ T yields: X = Nﬂﬁ T yields:
(A1 =R+ — | R? BB =r+ (25 Jrey (S22 ) v
J J M
e A model to estimate her|tab|||ty e A model to estimate herltablllty
172 « 1+ &5 F[x*] « 1+ &0 + fo?

LD Scores are given by: LD and i-LD Scores are given by: M
Additive

6= AW SIS

. I m Additive

Bulik-Sullivan et al. (2015), Nature Gen 20 Smith, Darnell et al., bioRxiv



Q)

Observed (—log P)

LDSC regression

Estimating narrow sense heritability from GWA summary

statistics

 Regress on

b

Observed (—log P)

2 3 4

Expected (—log P)

[ x 1+ ¢

Expected (—log P)
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Bulik-Sullivan et al. (2015), Nature Gen



i-LDSC

I-LDSC regression

Epistatic LD score improves estimate of narrow sense
heritability

. 2 _
A 0 Generative H 0.6

* |nclude marginal epistatic LD
score f

BN i-LDSC + 50 SNPs

B LDSC
o R | | | __ __ Total Generative
eg reSS on B . Generative H2 = 0.3 GenTtic PVE
2 AT ____Total Generative
E()( ) ~ 1 —+ f’l’ +f0 0.6 - Additive PVE

" Nonlin.
Additive

Additive

22 Smith, Darnell et al., bioRxiv



i-LDSC

I-LDSC regression

Evidence of non-additive effects in human traits
*LDSC = LD Score Regression
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Intro Marginal Epistasis mvLMMs i-LDSC

Non-additive variation of complex
traits

Variance component partitioning improves detection of
epistasis.

 Marginal epistasis addresses
search space and small effect
problem

 Modeling genetic correlations
reveals pleiotropic trait
architecture and improves
sensitivity

* interaction-LD score regression n
reveals non-additive variation in Addltlve
human traits
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MmvMAPIT

 Code and documentation on GitHub: https://Icrawlab.github.io/mvMAPIT/

R package published on CRAN: https://cran.r-project.org/package=mvMAPIT

install.packages ( ) W

MmvMAPIT

26 Stamp et al. (2023), G3
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