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Leaders in Genetic Analytics

= Founded in 1998

= Multi-disciplinary: computer science,
bioinformatics, statistics, genetics

DlscovER DR = Software and analytic services
T e
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SNP & Variation Suite (SVS)

EP 2 VARIATION SUITE &7

GETTING STARTED... COMMUNITY RESOURCES LICENSE INFORMATION
B Crosm Now Project B3 230 Scrges Version 2.0.1
. ax Refeased 2008-1-15
[ £ webcmts o vt
M2 Beta Test.ghe B vrowiosgn Susn Exgires Dec 3t 2009
W57 Demagho &) Tutores
fo P & vl MODULES
Conobo. teetcTiee
LanXAzte SUPPORT Whole Genome Anatyws
do Project Ao wopo com Regressicn Anlysis
Noew Progect 3500 PHE: 41.406.585.81 AT
RO OIERS oS Drstritusted POAT
Copy Number Analyss
ANNOUNCEMENTS
" 6.4 Mo Avastabe!
o 0 oot 8456 ot AS

= Genotype Analysis
= DNA sequence analysis
= CNV Analysis

* RNA-seq differential
expression

* Family Based Association

= Powerful Data Management
* Rich Visualizations

= Robust Statistics

= Flexible

= Easy-to-use
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Approximate Agenda

GWAS QC Considerations

Association Testing

What about Imputation?

Q&A
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Previous GWAS Webcasts

Online

GOLDEN HELiIX
oas e QA

Improving the Power

of Your Study with
Advanced Genotype Calling,
Imputation and
Next-Generation Sequencing

Bryce Christensen, PhD
Director of Services, Golden Helix Inc.

GOLDEN HEL!X.

Achieving Genome-Wide
Success Series, Part 3

Quality Assurance
and Data Prep for SNP
& CNV Studies

Christophe Lambert, PhD
President & CEO
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Raise Your Expectations of Agrigenomic Genetic Research Software:
Introducing SNP & Variation Suite 7 (SVS)

Mixed Models: How
to Effectively
Account for
Inbreeding and
Population Structure
in GWAS

£V - 47.0613

Greta Linse Peterson, Senior Statistician
June 5, 2013
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Genetic Epidemiology 34:591-602 (2010)

o

EFIDEMIOLOGY

GOLDEN HeL:X
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Quality Control and Quality Assurance in Genotypic Data
for Genome-Wide Association Studies

Cathy C. Laurie,’ Kimberly F. [)oher'l},r,2 Daniel B. Mil‘El,a Elizabeth W. Pu h,2 Laura J. Eif}rul,‘1
Tushar Ehaﬂgale,I Frederick Boehm,' Neil E. Caporaso,s Marilyn C. Cornelis,” Howard ]. Edenbergf
Stacy B. Gabriel, Emily L. Harris,® Frank B. Hu,® Kevin B. Jacobs,® Peter Kraft,” Maria Teresa Landi,’

Thomas Lumley,' Teri A. Manolio," Caitlin McHugh," lan Painter,' Justin Paschall,” John P. Rice,*
Kenneth M. Rice," Xiuwen Zheng,' and Bruce S. Weir'* for the GENEVA Investigators
"Department of Biostatistics, University of Washington, Seattle, Washington
*Center for Inherited Disease Research, Johns Hopkins University School of Medicine, Baltimore, Maryland
Broad Institute of MIT and Harvard, Cambridge, Massachusetts
*Department of Psychiatry, Washington University School of Medicine, St. Louis, Misssouri
FDivision of Cancer Epidemiology and Genetics, NCI, Bethesda, Marylard
“Depﬂrﬁneﬂt of Nutrition, Harvard School of Public Health, Harvard University, Boston, Massachusetts
"Department of Biochemistry and Molecular Biology, Indiana University School of Medicine, Indianapolis, Indiana
Division of Extramural Research, NIDCR, Bethesda, Maryland
“Program in Molecular and Genetic Epidemiology, Harvard School of Public Health, Harvard University, Boston, Massachusetts
"Office of Population Genomics, NHGRI, Bethesda, Maryland
"National Center for Biotechnology Information, NLM, Bethesda, Maryland

Genome-wide scans of nucleotide variation in human subjects are providing an increasing number of replicated
assodations with complex disease traits. Most of the variants detected have small effects and, collectively, they account for a
small fraction of the total genetic variance. Very large sample sizes are required to identify and validate findings. In this
situation, even small sources of systematic or random error can cause spurious resulis or obscure real effects. The need for
careful attention to data quality has been appreciated for some time in this field, and a number of strategies for quality
control and quality assurance (QC /QA) have been developed. Here we extend these methods and describe a system of QC/QA
for genotypic data in genome-wide association studies (GWAS). This system incdudes some new approaches that (1)
combine analysis of allelic probe intensities and called genotypes to distinguish gender misidentification from sex
chromosome aberrations, (2) detect autosomal chromosome aberrations that may affect genotype calling accuracy, (3) infer
DNA sample quality from relatedness and allelic intensities, (4) use duplicate concordance to infer SNP quality, (5) detect
genolyping artifacts from dependence of Hardy-Weinberg equilibrium test P-values on allelic frequency, and (6)
demonstrate sensitivity of principal components analysis to SN selection. The methods are illustrated with examples from
the “Gene Environment Assodation Studies” (GENEVA) program. The results suggest several recommendations for QC/QA
in the design and execution of GWAS. Genef. Epidemiol. 34:591-602, 2010. i© 2010 Wiley-Liss, Inc.

Key words: GWAS; DNA sample quality; genotyping artifact; Hardy-Weinberg equilibrium; chromosome aberration
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= Most GWAS chips are designed to capture global variation

= Homogeneous cohorts will only be polymorphic for some subset of SNPs.
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Autosomal MAF distribution for lllumina Omni-2.5

0 0.1 0.2 0.3 0.4 0.5 0 0.1 0.2 0.3 0.4 0.5
Omni 2.5 International Cohort Omni 2.5 HapMap CEU

= Higher-density chips have more rare content, so smaller relative
proportion of SNPs will be polymorphic

= Diminishing returns with increased density
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X Heterozygosity Variability by Chip

200 [ ..................... ..................... ..................... .............

= Chip design can affect 15|:|—: .............. ..................... ..................... ..................... .............
distribution of many
statistics, including X 100 A e e e
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= Targeted chips may :
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Why Care about Chip Design and Content?

= Many sample statistics are based on allele frequencies, and behave
differently from chip to chip

IBD testing
Principal Components

Autosomal heterozygosity rates

Runs of homozygosity

= Many of those statistics also assume that you are using a “GWAS” chip
with uniform coverage, and may be confounded when using chips with
targeted or non-uniform coverage content

- Exome chips
- ImmunoChip
- Cardio-MetaboChip

= Adjust workflows accordingly!
- Use different MAF thresholds with targeted chips
- Filter to polymorphic SNPs and prune for LD before running IBD or PCA
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EV = 26,5018

002 -

EV = 47.0613

Mixed Models: How
to Effectively
Account for
Inbreeding and
Population Structure
In GWAS

Original Slides by
Greta Linse Peterson, Senior
Statistician



A brief background of GWAS

= First the naive approaches:
Trend Tests, Contingency
Tables, Linear/Logistic
Regression

= Batch Effects, Population
Structure and sharing of controls
may violate assumptions of the
naive approaches and result in
confounding of results.

18.7739

EV =

= Stratification effects are more
pronounced with larger sample
sizes.

-0.008 -0.006 -0.004 -0.002 0 0.002
EV = 34.5486

= Non-independence of samples is
especially problematic in

aarigenomic applications.
GOLDEN HELX 919 PP




The Real Problem

= Vilhjalmsson and Nordborg (2013)
argue that “population structure”
itself is not a problem for GWAS.

= The real problems are the
environment and the genetic
background of a population.

- PCA can serve as a proxy for both, but
doesn’t entirely explain either.

= The solution is to account for the
relatedness between all pairs of
samples in a mixed linear model.

GOLDEN HeL:X
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COMMENT

The nature of confounding in
genome-wide association studies

Ejarni J. Vilhjaimsson™? and Magnus Nordborg®#
The authors argue that population structure per ze iz not a problem in genome-wide

azsociation studies — the true sources are the envirenment and the genetic background,
and the latter iz greatly underappreciated. They conclude that mixed models effectively

address this issue.

T HATUREREVIEWS [GERETICS VOLOME T4 [TARTARY 2013 [T
population the underlying

structure is not sources of
the fundamental confounding
source of the in CWASs are
problem, and environmental
remaving it is not and genetic
the solution



Mixed Model Method Overview

= Calculate kinship matrix
defining pairwise relationships
between all sample pairs.

* Include kinship matrix as
random effect in MLM
regression.

= May also include PCs and
other factors as fixed effects.

= Allows for population-based
and family-based cohorts to be
analyzed together.
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TECHNICAL REPORTS

A mixed-model approach for genome-wide association
studies of correlated traits in structured populations

Arthur Korte'*, Bjarni ] Vilhjilmsson'>, Vincent Segura'*%, Alexander Platt'?, Quan Long' &

&hpusNurdhorgll

Genome-wide association studies (GWAS) are a slandard
approach for studying the genelics of natural variation. A major
concern in GWAS is the need to account for the complicated
dependence structure of the data, both between loci as well as
belween individuals. Mived models have emerged as a general
and flexible approach for correcting fior population structure
in GWAS. Here, we extend this linear mived-model approach
to carry out GWAS of correlated phenobypes, deriving a
Tully parameterized mulfi-trait mived model (MTMM) that
considers both the within-frait and between-trail variance
components simultaneously for multiple fraits. We apply this
to data from a human cohort for correlated blood lipid traits
from the Morthern Finland Birth Cohort 1966 and show greatly
increased power to detect pleiotropic bed that affect more
than one hln-ud lipid irait. We also apply this approach to an

is thaliana data sel for flowering measurements in
two different locations, idenfifying loci whose effect depends
on the envirenment.

Muost GWAS to date have been conducted using the simplest pos-
sible statistical model: a2 single-locus test of assoclation between 2
binary SNF genotype znd 2 single phenotype. Given that most traits
of Interest are multifactonial, this cearly amounts to model misspect-
fication, and the resulting danger of Masad results whenever thera
1s a lack of Independent (linkage disequilibrium) between cawsal
loct (for example, dus to popalation structura) 1s well known '3 Much
less attention has been devotad io the fact that phenotypes may alsobe
correlated. Whenever multiple messurements are tzken from individu-
als, the resulting phenotypes will be correlated because of pletotrogy,
which s of direct interest, a5 well 25 shared environment and lnkage
disequilibrium, which are usually confounding factors. Taking these
correlations Into account i important, not only because of the impar-
tznce of understanding platotropy, but zlso because we may expect
Increased power compared to margina] analyses. Intuitively, correlated
tralis amount to a form of replication. The Importance of correlated
phenotypes becomes even clearer when we conslder messurements
acrass environments. The canonical example here is an agricaitural field
experiment using Inbred lines, a setting In which no one would consider

analyzing phenotypes from diferent environments independently of
each other becausa the whale polnt of the study Is to separate genetic
from environmental effacts and Ldentify genotype-environment Inter-
actions. In human genetics, disentangling genetsc and environmental
effects 1salso of obwious Interest, althowsgh much more challenging, as
the environment usually cannot be experimentally manipulated!,

There is a long history of multi-trait models In quantitative genet-
1cs™%, but these mathods have rarely been applled to GWAS. In this
paper, we show how a standard linear mixed model from animal
breeding’” may be used to modsal correlated traits, while at the same
time correcting for dependence among locl (for example, due to
population striscture). As designs ks cohort studles become more
prevalent, the nead for modeling correlated tralts as wall as popula-
ton structure will grow®! 12, and the same ts true for the Increasing
number of nonhuman Gwas-17,

The mixad model, which handles population structure by estimat -
ing the phenotyplc covarlance that 1s due to genetic relatedness—or
Einship—between individuals, has previously been shown to perform
well In GWASH3E-22 Harp, we extend this approach to handle corre-
Izted phenotypes by dertving a fully parametenzed multl-trait mixed
maedel (MTMM) that conslders both the within-tralt and between-
tralt varlance components simultaneously for multiple traits (Online
Methods), Implementing 1t for GWAS. The 1dea 15 not new™*", but
1t has never been applied for assocation mapping on 2 genome-wide
scale. Alternative approaches for GWAS analysls 2t multiple traits
exlst, but they generally are unable to control for population strisc-
ture’®, and often are not applicable to genome-wide data.

‘We validate aur approach using extensive simulations basad on
avallable SNP data from A. thebana®, showing that our model
increases power to detect assoclations while controlling the false
discovery rate. We then demonstrate s usefulness by considering
enrrelated blood 1ipid tralts from the Northern Finland Birth Cohort
1965 (NFBC1966)*! and environmental plasticity 1n an A. thaliang
data set that contains flowering measurements for two simulated
growth seasons In two different locztions™?. Plnally, we discuss the
usafulness of this approach, not only In terms of increzsing power
to detect associatlons, but also in terms of understanding the basic
genetic architecture of the phenotypes.

Masel Inssitute, Aetrian Acadomy of Scicncos, Vienna, Ausiria. ZDepartment of Molecular and Computational Bio
%uca dornia, USA_ Tinstitut National de |2 Aacherhe Agronomiqee INRAL URCSER, Orbians, France. *These s

Carmspandence shoud be addreer ko MM (magnus. nondbarg@gmi.ocw.ac at).

Uniruesity of Southern Calfornia,
contribuled equally tothis work.

Recsived 17 January; accepted & July; published cnling 19 August 2012; dai:10. 1038ing 2376
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= About 10k cases and 17k controls
from world-wide Caucasian

populations
* Naive GWAS: A=2.48
= PCA adjusted: A=1.21

= Stratified analysis in ancestry-

matched subgroups, with results L e

Figure 1| Diistribution of cases and contoels. a, b, AL cases aned comtrols were
drawn from populations with European ancestry; cases from 15 countries and

combined in meta analysis: A=1.44  srsimiimo i o b wopaiomes

of genetic variation, with cases s hown om the left and amtmds on the right. The
ames are orientubed to approsimate the geogmphy, and samples are colour
cortled as indicated in the legend B, Mew Zealand. We genaotyped the cases

. —_— {9.772) and scme Swedish controls {527) using the lhimina H &60-Cna d
- M L M ap p rO aC h . A— 1 . 04! phﬂdmau:ulﬂ: UKﬂm':lﬂs |5,1:'5,1Jum“1'?ﬁ11:2u::m:::m set!s1)
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i ng the Mhumina 1.2M platform. All other contmls were genotyped axernally
i ng various Hhemina genotyping systems (se Supplementary Information).

11 AVGUET 2011 | VOL 476 | NATURE

Genetic risk and a primary role for cell-mediated
immune mechanisms in multiple sclerosis

The Inter national Multiple Sderosis Geetcs Consordum®* & the Wellcome Trust Case Control Consortium 2*



Methods Implemented in SVS

Regression with PCA Correction
- Accounts for the relationship between samples with Principal Components
- Need to know how many components to correct for

EMMAX

- Adjusts for the pair-wise relationship between all samples using a kinship matrix

- Approximates the variance components and uses the same variance for all probes
- Tests a single locus at a time

MLMM

- Adjusts for the pair-wise relationship between all samples using a kinship matrix

- Approximates the variance components and uses the same variance for all probes, but re-
computes at every step

- Stepwise EMMAX, assumes multiple loci are associated with the phenotype

GBLUP
- Adjusts for the pair-wise relationship between all samples using a kinship matrix

- Computes allele substitution effects to determine best genomic predictors of the phenotype

GOLDEN HeL:X
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Standard GWAS is based on tag-SNPs

A. Observed B. Untyped C. Disease
GWAS SNP Causal SNP Outcome

= We typically test for the relationship between A and C, assuming that B
probably won’t be on the array.

= BUT: Correlation is not transitive.
- If A'is correlated with B, and B with C, A is not necessarily correlated with C.

= |s that a problem?
= What does it mean for imputation?

GOoOLDEN HEL:X
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Imputation Implications

~LD—-

A. Observed B. Untyped D. Additional GWAS
GWAS SNP Causal SNP SNPs in LD with B.

= Imputation accuracy is usually improved when several GWAS SNPs
contribute to the imputed genotype of a given variant.

» Testing disease association with accurately imputed variants is the best
available alternative to sequencing, and much cheaper.

= As always: Carefully follow up on any significant results!

GOoOLDEN HEL:X
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Imputation: What to Watch For

= Accuracy metrics from imputation software
= Always look for inter-cohort differences

= Example: Beagle’s Allelic R? stat. Look at the allelic dosage histograms:

GOLDEN HeL:X
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Imputation: What to Watch For

= Imputed allele frequencies different from reference panel frequencies
- Especially when common alleles are imputed with O frequency.

= \WWatch for inter-cohort differences.

Imputed vs. Reference Minor Allele

Frequency

0.5 ................

0.4 e
L

=
[}

1kg Refernce

=
8}
|

0.1 +ae
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rs429358 Significant But Not Assayed By 500k

Would 1000 Genomes imputation have found it?

| _ _ Alzhelmer S SNP GWAS Manhattan plot
60 ; ;
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Alzheimer’s 1kG Imputation Results

B Fisher's Exact -logl0 P Imputed S00k + APOE SMP with CEU 1000 genomes

Chr19:47179, 1K Chr19:48290.2K Chr19:49401, 3K Chr19:30512.5K Chr19:31623.6K Chr19:52734.7K

B Fisher's Exact -logl0 P Imputed SO0k with CEL 1000 genomes

Chr19:47179, 1K Chr19:48290.2K Chr19:49401, 3K Chr19:30512.5K Chr19:51623.6K Chr19:52734. 7K

B Fisher's Exact -logl0 P AFFvmetrix SO0k
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Chr19:47179, 1K Chr19:48290.2K Chr19:49401, 3K Chr19:30512.5K Chr19:51623.6K Chr19:52734. 7K



Genotype Imputation: Why?

Fill in the blanks—improve SNP call rate in GWAS
- This is where imputation started

Increase density of genotype calls

- Define and/or refine the search space for identifying candidate causal variants around
GWAS signals

Harmonize different array platforms for mega-analysis or meta-analysis
- Additional power to be gained from increased sample sizes
- Very common in disease consortia

Identify new associations not observed in GWAS?
- Rare, but possible to identify a new locus
- Remember: our reference panels are usually made up of healthy people...
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SVS and Imputation

= SVS does not have an imputation algorithm

= Add-on functions available to read and write file formats used by Beagle,
MACH/Minimac and Impute2.

= SVS supports analysis of imputed genotypes, including allelic dosage
formats

1kg Beagle Reference 1kg Impute Reference

483,609 667,652

1000 Genomes 1kg Mach Reference

853,797 666,866
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Review

= GWAS is not dead

= Golden Helix SVS is a powerful platform for GWAS analysis
- Data management

Quality Assurance
Visualization

Association Testing

LD & Haplotype Analysis

= New analysis methods like mixed model regression continue to improve
GWAS quality

= Imputation is very powerful, but has limitations

= ook for new GWAS features in SVS 8.1!
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Questions or
more Info:

= Emall
Info@qoldenhelix.com

= Request an evaluation of
the software at
www.goldenhelix.com

= Check out our abstract
competition!
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Questions?
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