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So you’ve done a GWAS and found some
associations —what now?

* Some questions to contemplate:
* What are the causal variant/variants driving the signal?

* What are the proximal biological consequences of those base pair
differences?

* What are genes, cells and biological processes that are perturbed by
these differences?

* How do those perturbations influence physiology?
* Or as Lindon used to say “What does it all mean”



A typical locus zoom plot
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A more complicated locus zoom plot
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Statistical fine-mapping - some modeling
considerations

Tre

Yi = Z XijBj + €,
71=1

/ Residual effects on trait y

Phenotype for individual i including measurement error

Effect of genetic variant j

Genotype vector of m markers



We can also consider the binary case

Phenotype y coded as 0/1 for individual i Residual effects on trait y

including measurement error

Genotype vector of m markers

Effect of genetic variant j



Beta

Statistical fine-mapping — conceptual
introduction

Estimated Beta




Estimated Beta

Statistical fine-mapping — conceptual
introduction




Among the simplest models — Maller et al.
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Bayesian refinement of association signals for 14 loci _ Pr(X;|M;)Pr(X | X4, My)
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The authors of this paper are:
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Assumes a single causal variant



Mavybe there is more than one causal SNP?

Fig. 1. The binary indicator vector y determines which SNPs have
non-zero causal effects (). The corresponding causal ...

p(Aly) = N(4|0,526°4,),
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Many methods for multiple causal variants

Identifying Causal Variants at Loci with Multiple
Signals of Association

Farhad Hormozdiari,*' Emrah Kostem,*' Eun Yong Kang,* Bogdan Pasaniuc,"*? and Eleazar Eskin*'>3
*Department of Computer Science, TDepartment of Human Genetics, and *Department of Pathology and Laboratory Medicine,
University of California, Los Angeles, California 90095

Fine Mapping Causal Variants with an Approximate
Bayesian Method Using Marginal Test Statistics

Wenan Chen,* Beth R. Larrabee,* Inna G. Ovsyannikova," Richard B. Kennedy," lana H. Haralambieva,'

Gregory A. Poland,' and Daniel J. Schaid*
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Integrating Functional Data to Prioritize Causal Variants in
Statistical Fine-Mapping Studies
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Handy guide to assumptions differences in
methods

@ @
Y quantitative binary
genotype genotype and heterozygote
15 fixed random
Paper Assumptions
BIMBAM [Servin and Stephens, 2007] D), X©@), B2
Maller et al. [Maller et al., 2012] y(2), X2, B2
fgwas [Pickrell, 2014] y1X2), X D, B2
CAVIAR [Hormozdiari et al., 2014] (12, XD, B2
CAVIARBEF [Chen et al., 2015] y(1)(2), X(©2), B2)
PAINTOR [Kichaev et al., 2014] y12), X, O
FINEMAP [Benner et al., 2016] y12), XD, B2
SuSiE [Wang et al., 2018] v, XQ), 2

Ran Cui
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How robust are these methods? Replication

Lather rinse repeat to
inspect PIP calibration

Failure Rate

biobank” . .

A
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Replication Failure Rate
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What about modeling an ‘infinitesimal’
contribution?

Take this model

p(Aly) = N(4|0,s36°4,),

0.15
SUSIE
FINEMAP
SUSIE-inf
FINEMAP-inf

0.10-

— EPN
0.05-
0.00-

And add this consideration:

Replication failure rate

7oN(0,82)+(1-17,)5%.



Adding functional information improves but
does not guarantee replicability!

Background
n=52M

Categories
Replicated codin
n=703 w putatﬁre regulatory
non-genic
Non-replicating
n=116

0.00 0.25 0.50 0.75 1.00
Proportion



How does the associated variant impact
function?

1 S e a — 5 .

Disease Mechanism,
Therapeutic
Hypotheses

Samples — Variants —— Genes —— Cell Types — Processes —*

f

This is the GWAS!

*Claussnitzer



How does the associated variant impact
function?

' AIT
. Disease Mechanism,
Samples — |Variants — Genes| — Cell Types —> Processes —>  Therapeutic
| f Hypotheses

This is the an eQTL study
eQTL = expression quantitative trait locus



Exploring eQTL resources &I GTEXPOrtal

Navigate to https://gtexportal.org/home

Click QTL browser

Click Locus Browser (Gene-centric)
=) GTEXPortal

© About GTEx Publications @ Access Biospecimens ® FAQs & Contact

Q Search Gene or SNP ID...
L

QTL~ IGV Browser Tissues & Histology~ Documentation ~

Home Downloads~ Expression~ Single Cell~
. '/l"_< Locus Browser (Gene-centric) '
Browse anari-ce

( 2023-02-23 LocusB v ric) a
(CNSTNLRPACEELE eI @]  eQTL Dashboard ¢
We have released the GTEx API V2. This ve eQTL Calculator arameter validation, improved support for ;
queries, and improved documentation. The documentation for the...

querying by tissue ontology identifiers, support for paginated

Resource Overview Explore GTEx


https://gtexportal.org/home

Explore your favorite gene!



Example — AKAP11
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https://gtexportal.org/home/locusBrowserPage/AKAP11

Can we test whether these associations are
the same? COLOC

> [Hj: No association with either trait
RO ISE SUEUEY ABOUT SEARCH > [H: Association with trait 1, not with trait 2
PLOS GENETICS advanced seareh > H,: Association with trait 2, not with trait 1
\ > [Hj: Association with trait 1 and trait 2, two independent SNPs
e .. > [H,: Association with trait 1 and trait 2, one shared SNP
Bayesian Test for Colocalisation between Pairs of Genetic B .
e Ty e e vmrrs | ™ P(Hy|D)oc S~ P(D|S)P(S)
Published: May 15, 2014 « https://doi.org/10.1371/journal.pgen. 1004383 SeS),
PP4
Limited statistical evidence for shared genetic effects of — P(H.|D)
eQTLs and autoimmune-disease-associated loci in three P(H.|D)
major immune-cell types " P(Hy|D)+ P(H,|D)+ P(H3|D)+ P(H3|D) + P(H4| D)
Sung Chun'-3, Alexandra Casparino®, Nikolaos A Patsopoulos®>¢, Damien C Croteau-Chonka®’, P(H.|D)
Benjamin A Raby?7, Philip L De Jager>%>6, Shamil R Sunyaev! 38 & Chris Cotsapas®*? P(T)lD)

P(H,\|D P(H->D P(H:\D P(H4|D
(l\)+(-|)+(3|)+(4|)

1+
P(Hy|D) P(Hy|D) P(Hyz|D) P(Hy|D)

JLIM model — maximum likelihood treatment rather than Bayesian



Managing multiple variants

Limited statistical evidence for shared genetic effects of
eQTLs and autoimmune-disease-associated loci in three
major immune-cell types

Sung Chun!-3, Alexandra Casparino?, Nikolaos A Patsopoulos®>¢, Damien C Croteau-Chonka?7,
Benjamin A Raby?7, Philip L De Jager>3>6, Shamil R Sunyaev!-38 & Chris Cotsapas®>*°

Naturally fits into the methodology

BROWSE PUBLISH ABOUT SEARCH

PLOS GENETICS

@ OPENACCESS [ PEER-REVIEWED
RESEARCH ARTICLE

A more accurate method for colocalisation analysis allowing
for multiple causal variants 6,668 38

View Share

Chris Wallace

[Version 2 V] Published: September 29, 2021 e hitps://doi.org/10.1371/journal.pgen.1009440

Coloc multivariate extension



Alternate approaches — with potential
specificity challenges

nature ART'CLES TECHNICAL REPORTS

genetics gemﬁeeﬁcs

Integrative approaches for large-scale transcriptome-wide

L _ A gene-based association method for mapping traits
association studies

using reference transcriptome data

Alexander Gusev!-3, Arthur Ko*>, Huwenbo Shi®, Gaurav Bhatia!-3, Wonil Chung!, Brenda W ] H Penninx’,

Rick Jansen’, Eco ] C de Geus8, Dorret I Boomsma®, Fred A Wright?, Patrick F Sullivan!9-12, Elina Nikkola?, Eric R Gamazon'-2?, Heather E Wheeler%, Kaanan P Shah'?, Sahar V Mozaffari4, Keston Aquino-Michaels!,
Marcus Alvarez?, Mete Civelek!3, Aldons J Lusis®13, Terho Lehtimiki'%, Emma Raitoharju!4, Mika Kihénen!®, Robert J Carroll’, Anne E EylerS, Joshua C Denny’, GTEx Consortium?’, Dan L Nicolae»*3, Nancy ] Cox12* &
Ilkka Seppilid'4, Olli T Raitakari!®17, Johanna Kuusisto!8, Markku Laakso!8, Alkes L Price!-3, Pdivi Pajukanta> Hae Kyung Im!

& Bogdan Pasaniuc6:1?

TWAS PrediXcan



TWAS and PrediXcan descriptions
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Why ought we be concerned?

Genetic variation

Observed transcriptome
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Wright 1930

Site frequency spectra
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Empirical SFS — very close to drift
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Variance explained (alpha =0) — effect size is
constant across frequency spectrum

o
=

=+
o

Varlance Explalned
0.3

0.2

0.1

0.0

Recall variance explained is 2pga”2



When we add the SFS + variance explained
when alpha =0

Varlance Explained For All Varlants

ququququ



Few preparatory remarks for
the hail session



Microarray (genotyping)

QC removes loci with bad binding

chemistry

Samples can be assigned high- ol efi b o8

confidence genotype calls at A Lo
: : . % 103613 ) -':‘: L .'-'...- s

remaining loci H - ,;,:*'f.'.f:‘ -2

PLINK BED files include

AA/AB/BB/NA call states, no

probability information.

https://www.researchgate.net/publication/266330694 Analysis of genetic relatedness using DNA microarrays



https://www.researchgate.net/publication/266330694_Analysis_of_genetic_relatedness_using_DNA_microarrays
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https://www.researchgate.net/publication/26775265_Genotype_Imputation

So where do sequencing
data originate?




High-throughput sequencing

Also called:

o Shotgun sequencing
o Short read sequencing
o Next generation sequencing

Genome is broken down into small segments, and many
segments are read in parallel

Segments are computationally assembled into a complete
seguence using overlaps (de novo assembly) or aligned
against an existing reference genome (alignment).

https://www.illumina.com/systems/sequencing-platforms/novaseq-x-plus.html
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https://www.illumina.com/systems/sequencing-platforms/novaseq-x-plus.html

Raw short reads

NovaSeq

s

e
BE—{——]

|
B

A single run of a sequencer generates
~2400-3000 GB ~150bp short reads

Quality calibration and annotation

Region 1 Region 2

I

Human reference
[ ——— ]
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The quality of each read is calibrated
and additional information annotated
for downstream analyses
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From unmapped reads to true genetic variation in next-
generation sequencing data

Mapping and alignment
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The origin of each read from the
human genome sequence is found

Identifying genetic variation
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SNPs and indels from the reference
are found where the reads collectively
provide evidence of a variant




Data processing and analysis methods

Local realignment

rs28782535
‘ :'5287831 81 r528788974‘1 [534877486 r528788974}

Variation discovery

and genotyping
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Sequenced variant calls

e GT - best-guess genotype.
o 0/0 for homozygous reference, 1/2 for heterozygous non-reference, ./. for
missing
e GQ - conditional genotype quality.
o GQ 10, 20, 30 indicate 90%, 99%, 99.9% confidence in GT.
e DP - total read depth
e AD -read depth by allele.
o AD =110, 8] indicates 10 reads from the reference, 8 from first alternate.
e PL-scaled likelihoods of each genotype configuration.




Sequencing data QC...

...i1s hard. For a few:

e depth isimportant: contamination and mapping errors can cause spurious
heterozygous calls

e Low-complexity regions are filled with insertions and deletions that defy a
fixed reference genome

e Handling multiallelic sites is complicated, and often necessary
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