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Complex traits and GWAS
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Cnmplex traits -> multiple common variants with weak effects scattered throughout the genome -> GWAS
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GWAS proved to be very successful

Genome-wide significant (p 5.0 x 10%)
SNP-trait associations, published in the
GWAS Catalog as of May 2018.

23,321 variants in total.
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... however, there are a number of challenges

Huge sample size is required to reach genome-wide significance for

weak association signals scattered throughout genome
* True association signals are obscured by the LD structure, hindering

understanding of causal underpinnings
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Is it possible to circumvent/mitigate these obstacles?
What can we do on top of the standard GWAS?



Two GWAS can be better than one

* Genetic overlap between different complex traits is ubiquitous
* |Investigate common genetic basis of different phenotypes

* Leverage shared genetic underpinnings to boost power for genetic
discovery



Conditional quantile-quantile (QQ) plots

* Purpose
— Visual assessment of polygenic
overlap between two phenotypes
* Required input data
— GWAS summary statistics of two
phenotypes
* Key features
— A simple yet instructive way to get a
general idea of whether two traits
have a shared genetic background
— Agnostic to direction of effects (can

detect genetic overlap when genetic
correlation is absent)



Conditional quantile-quantile (QQ) plots
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Smeland et al. (in press)

Stahl et al. (bioRxiv, 2018)



Conditional/Conjunctional False Discovery Rate

* Purpose

Boost identification of phenotype-associated loci
|dentify loci shared between two different phenotypes

* Required input data
— GWAS summary statistics of two phenotypes (hon-overlapping samples)
« Key features

Exploits overlapping associations between different phenotypes

Prioritizes loci with elevated association in both phenotypes

Enhances loci discovery and improves replication rates of discovered risk variants
Makes no assumptions about distribution of association signals (model free)



Conditional/Conjunctional False Discovery Rate

0oL I ROTS Fredy vl kb adive TN PLOS | smuns

Improved Detection of Common Yariants Associated

with Schizophrenia and Bipolar Disorder Using RESEARCH PAPER Mli m— y
Pleiotropy-Informed Conditional False Discovery Rate : : , A . _
. ME}:"._ N ot 1 24 Bt mtt / E‘?"ﬂ'f_ﬂ“hm‘-“”'i“- of 5!3‘3'“3'?“ frontotemporal  dentification of Genetic Loci Jointly Influencing
Morties MMEngicE . Jahrs . abias®, Benawth 5. Kendlee, Wichios] . CrDismaviss®, Oan s ™ gen;ganha ,a":_ overlap with Alzheimer’s and Schizophrenia Risk and the Cognitive Traits
spn L - SURPSERSEm .  of Verbal-Numerical Reasoning, Reaction Time,
Hahul a1 - Raltmale Femal, Yunpeng Wang,” lara Vandrowoows, -~ Sebastian Gietli, ugn '
Arpa Winaplar * | -'-I-u:rup W Earch.” Andrew | Schorke.” Chen C Fan ' ﬂl'l[l GEI'EFE' Eugnltwe Fl.ll'lftlﬂl'l
*' B Lk .-... _\._. n —— —— — - e @ forwpiarnl M1, P30, Clielsaarnl Bopl, P il Cagge, P W Dlaved =6l P90 Wiers L PSSy Wy P, Fiorias (el P90,
- I.:::ﬂI'PI:II'.I.I P B I:l'\:l-l-‘ll Lo I'l-‘lr\.l Pl I-l':lur\.l.'\: :l. He T .'.I L& 'I'I-\.I-l [ ] !"'!l |r.\.||-' il M.ll. -- “_l:.
- Do e llll T P RECEEITRTES iy yee
: J1ER :'
: e K * - - :
= ————— R E sl T fa— wETHIE '
E L& - ”~ B ¥ " ; . g: : e " . ;
'=' - . L H ] i 25 , E
Jua " N = B
. f “ Tl i : Ll : N £ B
e m AOIRIRE I M H Ewaiill
. sny -\.' gy Bl ot o .-:'.‘l T = ! — -l — . --;. s - !
51 novel SCZ loci ) kel IR _ H M EREIRR

15 S

11 HD‘:‘El BIP loci 8 loci shared between FTD and PD _
14 loci shared between SCZand BIP 1 chared locus between FTD and AD
13 novel FTD loci

L] & L ¢ 1 L l | 8] [ ¢} I 14 1% I EPFSANIE 2

21 loci shared between

SCZ and cognitive traits




Different degrees of complexity
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What we see in GWAS
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What we want to see in GWAS

True effects
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What happens here?

Inflation due to the
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Causal Mixture Model (MiXeR)

* Purpose
— Unravel LD structure
— Investigate general properties of phenotype’s genetic architecture:
* estimate proportion of causal variants
* estimate magnitude of effect sizes
* assess genetic overlap between two phenotypes
« Required input data
— GWAS summary statistics
 Key features
— Effect sizes of variants are modeled as a mixture distribution of null (no effect) and
non-null effects
— Incorporates detailed LD structure of the genotype

— Accounts for sample overlap and stratification Frei et al. (bioRxiv, 2018)

Code is publicly on GitHub: https://github.com/precimed/mixer




Causal Mixture Model. Details
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Causal Mixture Model. QQ plot reconstruction
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Frei et al. (bioRxiv, 2018)



Causal Mixture Model. GWAS power prediction
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Proportion of SNP-heritability, captured by
genome-wide significant SNPs, projected to
the future GWAS sample size (N).

Values for current GWAS sample sizes are
shown in parentheses.

Frei et al. (bioRxiv, 2018)



Why not add a second trait here?
Bivariate MiXeR

bivariate density of z scores observed in GWAS

model prediction at tag level

model prediction at causal level




Causal Mixture Model.
Polygenicity and genetic overlap
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Frei et al. (bioRxiv, 2018)



Causal Mixture Model. Under development

* Incorporate information on functional annotations and estimate
differential enrichment between different annotation categories

* Loci discovery
* Improved PRS



