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Core Features Applications

« Powerful Data Management « Genotype Analysis

« Rich Visualizations « Agrigenomics Analysis
(GenomeBrowse) « DNA/RNA Sequence Analysis

« Robust Static « CNV Analysis

« Flexible
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Genotype Association Tests. OF "]
Gase/Control dependent vatiable: Phenotype 1 - Binary (238 cases and 280 controls) Aditive mode: (dd) > (D) -> (DD}
~ = = = = . © Classity alleles by allele frequency () Classify alleles by reference/ahtermate (Reference field in map “Refersnce Alleles A/87)
Markerwise Genotype Statistics: Rescoton Teet Prsmters | TR PSEiEiEE | Oveal Waar St |
Call Rate: No Genetic Madel or Tests Test Statistic or Method

Where D = minor allele, d = major allele
Humber of Alleles: Ho

- Gase/Control additive model:
*) Basic allelic tests: D vs.d

Correlation/Trend test
O Genotypic tests: (DD) vs. (dd) vs. (D) 7] Goshran-aritses test
BAllele Fregquencies: Yes ® hddiive rodel (4 - 0d) - (00} Exot form of Goren-frmites fst
) Dominant modek (DD, Dd) vs. (dd)
~ - ~ .
Carrier Counts: Ho

2] Odds ratios: (Dd) vs. (dd) and (DDJ vs. (Dd)
© Recessive model: (DD) vs. (Dd, dd)

[ Logistic reeression
HWE P-Value: No

Fisher's Exact Test for HWE P-Value: No Wisin Vaies Wultpl Testing Carction
Signed HWE R: No

Use missing values as predictors Bonferroni adjustment (on N SNPs)
© Drop missing valies [ False Discovery Rate (FDRY
Additional Outputs [T Sinele value permutations
Output data for P-P/Q-01 plots 3 Full scan permutations
= o .
Also output -logll({(Value): Ho Output -l 067 Himter of permutations

Also output data for P-P/Q-Q plota: No

Principal Gomponents Analysis (PGA) Genomic Gontrol of Output Data for Stratification

[T Gorrect for stratification with PGA Show inflation factor Clambdah, chi-squares, and corrected values

Garrect using this inflation factor (ambda) instead: |1

Genotype Counts: Yes [ Eep ] s o Mo omions™ Lo 8 o
Rllele Counts: Yes

= ; ~
- ~
-
—

-

Gienomic Gontrol of Cutput Data for Stratification

Inflation Factor (Lambda) Found for Armitage :| 2.66031

Show inflation factor {lambda), chi-squares, and corrected values

Caorrect using this inflation factor {lambda) instead: |:|
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#>F)L2 | -0.013 | 0.016 §
#>F)L3 | -0.017 | 0.014 H %
$>7)L4 | -0.0073 | -0.079 ,‘.’
#>7)L5 | 0.0078 | 0.0059 '&
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® PCA (Principal Component Analysis) [C&3#1E
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Case/CGontrol dependent variable: Phenotypel (68 cases and 400 controls)

Logistic Regression

SamplelD Breed Phenotvpel EV = 31.2575 EV = 9.00414 EV = 7.63919 Hapmap43437-BTA-101873 ARS-BFGL-NGS-16466 ARS-BFGL-NG5-105096
‘WE0099889-DNAGOT ANGODODOE Angus a -0.0323107711182121 -0.0390477216669378 -0.0203866456446584 GG cT cT
WE0099889-DNAGO2 ANGOD0D14 Angus -0.0334511204995828 -0.0368577126539786 -0.0219630320469021 GG T ccC
‘WE0099889-DNAHOZ ANGODDO15 Angus -0.0325235960832336 -0.037030429653628 -0.0218091697179903 AG cT cT
‘WG0099889-DNAHO3 ANGOD0023 Angus -0.0334797162287917 -0,041983240543258 -0.02198672186216778 AG cT cT
‘WE0099889-DNAADS BMADDDDOS BeefMaster a 0.0161309046995375 -0.0399437955114278 -0.0356704860341359 AG ccC ccC
‘WE0099889-DNABOS BMAODODOE BeefMaster a 0.01475190710482 -0.0391245884742798 -0.0294125523992397 AA ccC cT
‘WG0099889-DNABOT BMAODDDZ2 BeefMaster a 0.0170611720484251 -0.0405335285599169 -0.0335210411521843 AA ccC T
‘WE0099883-DNADDE BMADDDO16 BeefMaster a 0.0186522832107677 -0.0385825915576416 -0.03316310857465 AG cT ccC

I e
1 , 7
| 7
Genotypic Regression Analysis : [m| * , , e
I
1
I

Regreszion Parameters Output Parameters Genotypic Parameters

Selection Parameters
®) Reeresz on each of the 49323 eenotypic columns
I Correct for covariate(s) I
[ #dd additional full madel covariatels)

(O PFeeress on a moving window with parameters:
Fixed window over 49323 genotypic columns
# of columng in window: | 1
[renamic window over 49323 mapped eenotypic columns

Size: 10000 with max markers: |20

base pairs
Correct for covariatels)

Add additional full model covariate(s)

(O Perform single resression with selected covariates

Correct for covariatels)

(O) Reeress on covariate—calumn interactions (on 49323 genotvpic colz)

Carrect for additional covariate(s)

Regreszion Options
[ Stepwize Reereszion P-value cutoff 001
Backward elimination Forward zelection
Cutput rezidual spreadshest

Help Restore Optione > | | Save Optionz ™

1
Full pladel Govariates

I
1
1
)
1
)
1
I
U

Tlﬂe current genotypic column)

4
7

4
deduced Model Cofariates

Add Covariate ’
d
. 4
Add Interaction
Remove S;Ic{c:ted

Z
9léar List

rd

EV = 31.2575
EV = 9.00414
.63919

Run

| Add Govariate |

Add Interaction
Remove Selected

Glear List

Gancel

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

Arthur Korte'4, Bjarni | Vilhjilmsson'4, Vincent Segura'*, Alexander Platt'?, Quan Long' &

Magnus Nurdbursu

Genomewide association studies (GWAS) are a standard
approach for studying the genefics of natural variation. A major
concern in GWAS is the need to account for the complicated
dependence structure of the data, both belween loci s well as
batween individuals. Mixved models have emerged as a general
and flexible approach for correcting for population structure
in GWAS. Here, we exdend this linear mived-model approach
o carry out GWAS of correlated phenofypes, deriving a

fully parameterized multi-trait mived model (MTMM) that
considers both the within-trait and betwesn-trail variance
components smultaneously for multiple traits. We apply this
o data from a human cohort for correlated blood lipid traits
from the Morthern Finland Birth Cohort 1966 and show greatly
increased power to detect pleiofropic bod thal affect more
than one bleod lipid trait. We also apply this approach to an
Arabidopsis thaliana data set for flowering measurements in
two different locations, identifving lod whose effect depends
on the environment.

Most GWAS to date have been conducted using the simplast pos-
sthla stattstical modal: 2 single-locus test of assoclatlon between 2
Iinary SNP genotype and 2 single phenotype. Given that most trats
of Interest are multtfactorial, this dearty amounts to modsl misspect-
fication, and the resulting danger of biasad results whenever there
1s 2 lack of Independent (Iinkage disequiltbrium) between causal
Incl (for example, due to population stracture) is well known %, Moch
less attention has been devoted to the fact that phenotypes may also ba
correlated. Whenever multiple measurements are taken from Individu-
als, the resulting phenotypes will be correlated because of plelotropy,
which i of direct interest, as wall a5 shared environment and lnkaga
disequibibrium, which are usually confounding factors. Taking these
correlations Into zccount bs Important, not only because of the Impor-
tance of understanding plefotropy, but 2lso because we may expact
Increased power compared to marging] analyses. Intuittvely, correlated
tralts amount to a form of replication. The importance of correlatad
phenotypes becomes even clearer when we conslder measurements
acoss environments. The anonical example here bs an agricultural fleld
experiment using Inbred lines, a setting In which no one would consider

analyring phenotypes from differant environments independently of
each other becauss the whale point of the study s to separate genetic
from emvironmental effects and 1dentify genotype-eovironment Inter-
actlons. In human genetics, disentangling penetic and environmental
effiacts 15 also of abwious Interest, although much more challenging, as
the environment usually cannot be experimentally manipulated!.

There & a long history of mults-trait models In quantitative genet-
scs™Y, but these methods have rarely been zpplied to GWAS. In this
paper, we show how 2 standard Inesr mixed model from animal
breeding’? may be usad to modsl correlatad trats, while 2t the same
time correcting for dependence among loct (for example, due to
population structure). As designs ltke cohort studies become more
prevalent, the need for modeling correlated tralts as well as popula-
ton stracture will grow®! 412 and the same & trua for the Increasing
number of nonhuman GWAS'-17,

The mixed model, which handlas population structurs by sstimat-
ing the phenotyplc covarlance that 1s due to genetic related ness—or
ldnship—between Individuals, has previously been shown to perform
well in GWASH5-2 prarn, we extend this zpproach to handle corre-
Lated phenotypes by dertving 2 fully parameterized multi-tralt mixed
madal (MTMM) that considsrs bath the within-trait and betwaen-
tralt variance components simultaneowsly for mubttple tratts (Onbing
Methods), Implementing It for GWAS. The 1dea is not new®¥, but
It hias never been applled for assodation mapping on 2 genome-wide
scale. Alternative approaches for GWAS analysls at multiple trats
exlst, but they generally are unable to control far population struc-
ture?®?, and often are not applicable to genome-wide data.

We validate our approach using extensive simulations based on
avalizble SNF data from A. thadlana™, showing that our model
tncreasas power 1o detact assoclations while controlling the false
discovery rate. Wi then demonstrate Its usefilness by considering
correlated blood ipid tralts from the Northern Fnland Birth Cobort
1966 (NFBC1966)"! and environmental plasticity in 2n A. thalizna
data set that contalns flowerlng measurements for two simulated
growth seasons In two different locations™.. Finally, we discuss the
usafulness of this approach, not anly In terms of Increasing power
to detect associations, but also In terms of understanding the basic
genetic architecture of the phenotypes.

Meendal Institute, Awstrian Acadomy of Sciences, Vienna, Austria. “Degartment of Wolocular and Computational Biok

. Uniwersity of Southenn Calfornia,

Lo Angoles, Calffornia, USA. 3Institut National do la Rocherche Agronommigen (INRA), URDGEE, Ordians, France. *These suthors contriburied equally fo this work.

Cormspandence should be addrermser bo M. fmagnus.nondborg@gmi ocaw.ac at).

Aecaived 17 January; accepted & July; published online 19 August 2002, doi:10.1038ng 7376
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@ Mixed Linear Model Analysis

MLM Parameters

Feereszion Model(s) To Use
[ Linear regression (fixed effects only)
Mized Madel GiWAS
Sinele-locus mixed model GWAaS (EMMARD
Multi-locuz mixed model GWaS (MLMM)

Mumber of steps to use: |IU |

Use Pre-Computed Kinship Matrix (Cov. Matrix of Random Effects)
Select Sheet

MNOTE: If no pre—computed kinship matriz spreadshest iz selected, an [B3
spreadshest will be computed from the eenotype data and used for
thiz analyzis.

| [T B0 Estimate: Estimated P1

Gienetic Madel and Imputation
Genetic model to use:

@ Additive (O Dominant (O Receszive

[] Garrect For Hemizveaus Males
Chooze Sex Column:

Chromozome that iz hemizvgous for males: X

Additional Outputs

[] Gorrect for Additional Govariates

Add Columns

Femove Selected

Glear List

Impute mizzing data as:

(® Homozveous major allele () Numerically az average value

Select Column

o4 Cancel Help

B Mixed Linear Model Analysis
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m Gorr/Trend

“loel0GC P — fix) = 100 + 00

—logl0 P

Corr/Trend

Gorr/Trend ~log10 P — (x) = 1.0(x) + 0.0
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Corr/Trend expected —log10 P
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Corr/Trend expected —logl0 P

Genomic Controlix

Naive GWAS
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m -logl0 FvR Model P — f{x) = 1.00) + 0.0

—log10 FvR Model P
[a]

o

—

PCAX

1 2 3
expected —logl0 FvR Model P

b+
~log10{P-Value)

5]

[=3

2

B -log0(P-Yalue) — flx} = 1.06) + 0.0

-

H.O,
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2 3
—log10(Expected P)
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Association Tests (Additive Model) [92] [+]

-Io-u_m{P-"d'alue} P-Yalues from Single-Locus Mixed Model [73] [+]
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