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Problems in GWAS

* Computing difficulties: millions of markers,
individuals, and traits

* False positives, ex: “Amgen scientists tried to

replicate 53 high-profile cancer research findings,
but could only replicate 6”, Nature, 2012, 483: 531

* False negatives




Home People

source("http://zzlab.net/GAPIT/gapit_functio
ns.txt") #import demo data
myGD=read.table(file="http://zzlab.net/GAPI
T/data/mdp_numeric.txt",head=T)
myGM-=read.table(file="http://zzlab.net/GAP
IT/data/mdp_SNP_information.txt",head=T)

#Simultate 10 QTN on the first half
chromosomes

index1to5=myGM][,2]<6 set.seed(99164)
mySim=GAPIT.Phenotype.Simulation(GD=my
GDI[,c(TRUE,index1t05)],GM=myGM[index1t
05,],h2=.7,NQTN=40, effectunit
=.95,QTNDist="normal")

#GWAS with GAPIT
myGAPIT=GAPIT(Y=mySimSY,GD=myGD,GM=
myGM,PCA.total=3,
QTN.position=mySimSQTN.position,
model=c("GLM", "MLM", "CMLM", "SUPER",
"MLMM", "FarmCPU", "Blink"))
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Linkage analysis
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Probability
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P= r(n2+n3) (1_r)(n1+n4)



LA(r, 25, 25, 25, 25)
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Mapping: vary r to maximize P

P= r(n2+n3) (1_r)(n1+n4)
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r=seq(0,.5,.01)
LA=function(r,nl,n2,n3,nd) {return(r” (n2+n3) * (1l-r) " (nl+nd)) }
par(mfrow=c(1,4),mar = c(3,4,1,1))
plot(r,LA(r,25,25,25,25),type="1",col="red")
plot(r,LA(r,35,15,15,35),type="1",col="red")
plot(r,LA(r,45,5,5,45),type="1",col="red")
plot(r,LA(r,50,0,0,50),type="1",col="red")



Multiple markers
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Multiple markers

M1 M2 M3 M4  Gene M5
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Cost per Human Genome

$100,000,000

$10,000,000

Moore’s Law
$1,000,000
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https://www.genome.gov/about-genomics/fact-sheets/Sequencing-Human-Genome-cos



https://www.genome.gov/about-genomics/fact-sheets/Sequencing-Human-Genome-cost

Comparison between linkage analysis and GWAS

Property Linkage analysis GWAS
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Association study

X2=4(2*%2/4)=4, df=1,
P=4.5%



Correlation
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QTNs On CHR 1-5, leave 6-10 empty

myGD=read.table(file="http://zzlab.net/GAPIT/data/mdp_numeric.txt",head=T)
myGM-=read.table(file="http://zzlab.net/GAPIT/data/mdp_SNP_information.txt",head=T)
source("http://zzlab.net/StaGen/2020/R/G2P.R")
source("http://zzlab.net/StaGen/2020/R/GWASbyCor.R")

X=myGD[,-1]

index1to5=myGM]|,2]<6

X1to5 = X[,index1to5]

set.seed(99164)

mySim=G2P(X= X1to5,h2=.75,alpha=1,NQTN=10,distribution="norm")

p= GWASbyCor(X=X,y=mySimSy)



False positives

color.vector <- rep(c('#EC5f67', 'HFAC863', '#99C794', '#6699CC', '#C594C5'),10)
m=nrow(myGM)

plot(t(-log10(p))~seq(1:m),col=color.vector[myGM[,2]])
abline(v=mySimSQTN.position, Ity = 2, lwd=2, col = "black")

t(-log10(p))
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QQ plot

p.obs=pl!index1to5] .
m2=Ilength(p.obs)
p.uni=runif(m2,0,1)
order.obs=order(p.obs)
order.uni=order(p.uni)

-log10(p.obs[order.obs])

plot(-log10(p.uni[order.uni]),-log10(p.obs[order.obs])) o 1 2 3
abline(a=0,b =1, col ="red") tog10(p.unforderuri)
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GLM (Conceptual)

Phenotype on individuals

/

Population
structure

l

4
y = SNP + Q (or PCs) +
(fixed effect) (fixed effect)

General Linear Model
(GLM)




General linear model

y=bg + X1y + X0, + ... + X0, + €

y: observation, dependent variable

x: Explainary/independent variables

e: Residuals/errors

A =el’+e,+..+e?
=e'e
=(y-Xb)'(y-Xb)



Optimization to minimize residual

A =e'e
=e*=(y-Xb)?
0A/0b
=2X'(y-Xb)
=2X'y-2X'Xb=0
X'Xb=X'y

b=[X"X]1[X"Y]



Statistical test

9=X'b
o = —=9)'-9/n

Var(b) = [X'X] 102

¢ =b/var(h) ~tn—1)



T Test

setwd("~/Desktop/temp") #GWAS by GAPIT
myY=(cbind(myGD[,1], as.data.frame(mySimsy))) MYyGAPIT=GAPIT(

Y=myY,
source("http://zzlab.net/GAPIT/gapit_functions.txt") GDT:IWGD

GM=myGM,
QTN.position=mySimSQTN.position,
PCA.total=0,

model="GLM",

memo="tTest")

—log1o(p)




#GWAS by GAPIT
GAPIT=GAPIT
setwd("~/Desktop/temp") G L I\/l n:(yzmyv |
myY=(cbind(myGDI[,1], as.data.frame(mySimsy))) GD=myGD,
source("http://zzlab.net/GAPIT/gapit_functions.txt") GM=myGM, .
QTN.position=mySimSQTN.position,
PCA.total=3,
model="GLM",
memo="GLM")

—log1o(p)




MLM for GWAS

l

Y = SNP + Q (or PCs) + Kinship + e

(fixed effect) (fixed effect) (random effect)

General Linear Model (GLM)

Phenotype
Population Unequal
structure relatedness

l

Mixed Linear Model (MLM)

(Yu et al. 2005, Nature Genetics)

v



Mixed Linear Model (MLM)

v =Xb + Zu + e
Var(y)=V=Var(u)+Var(e)
Var(u)=G=2Kg 2
Var(e)=R=lg?

u prediction: Best Linear Unbiased
Prediction, BLUP)

b prediction: Best Linear Unbiased
Estimate, BLUE)



Mixed Model Equation

vy =Xb+ Zu + e
X'X XZ ] [b]_[
Z'X Z’Z-I-—ZA_1 ul z'y

X'X X'Z

bl o2
[u \Z'X Z7'7+— A_ [Z'y
| O-a _
X'X X'Z -1
Var([ ) — 7'X 7'7 + O'_eiA—l 0.62




SPAGeDi

Hardy OJ, Vekemans X (2002) SPAGeDi: a versatile computer program to analyse spatial
genetic structure at the individual or population levels. Molecular Ecology Notes 2. 618-620.

* Kinship coefficient
oLoiselle et al. (1995)
oRitland (1996)

* Relationship coefficient
oQueller & Goodnight (1989)
oHardy & Vekemans (1999)
oLynch & Ritland (1999)
oWang (2002);

* Genetic distance: Rousset (2000)




Identical by status
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Efficient algorithm

* M: nindividual by m J. Dairy Sci. 2008. 91 (11) 4414-4423. Efficient Methods
SNPs to Compute Genomic Predictions P. M. VanRaden
e M:-1,0and 1

* Pi: frequency of 2" allele
for SNP i

e P: Column of i is 2(pi-.5)
¢ Z=M-P

Cp—
22172'(1 o pi)

Paul VanRaden: Image Number K7168-6



HGWAS by GAPIT
myGAPIT=GAPIT|(

setwd("~/Desktop/temp") M L M Y=myY,
myY=(cbind(myGDI[,1], as.data.frame(mySimsy))) GD=myGD,
source("http://zzlab.net/GAPIT/gapit_functions.txt") GM=myGM,

—logio(p)

QTN.position=mySimSQTN.position,
PCA.total=0,

model="MLM",

memo="MLM_0PC")




Outline

¢ {573 (MLMM and FarmCPU)




Atwell et al Nature 2010

a, No correction test

b, Correction with MLM
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GWAS does not work for traits associated with structure






MLMM

nature
genethS

Published: 17 June 2012

An efficient multi-locus mixed-model approach for
genome-wide association studies in structured
populations

Vincent Segura, Bjarni J Vilhjalmsson, Alexander Platt, Arthur Korte, Umit Seren, Quan Long & Magnus

Nordborg




Multiple Loci Mixed Model (MLMM)

Phenotype
Population Unequal
structure relatedness

l L

4 4
Y =SNP+ QTNs + Q (or PCs) + Kinship + e
(fixed) (fixed) (fixed) (random)
General Linear Model (GLM)

Mixed Linear Model (MLM)
(Sagura et al Nature 2012)



Forward regression

v = SNP +QTN1+QTN2+..+ Q + K + e

e

Stop when the ratio close to zero

Var(u)

Var(y)




—log (Pvalue) T -log(Pvalue) £

—log (P value) €

Nature Genetics, 2012, 44, 825-830
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—log1o(p)

19
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13

10

MLMM within GAPIT

myGAPIT_MLM <- GAPIT(

Y=myyY,

GD=myGD,#Genotype
GM=myGM,#Map information
PCA.total=0,
QTN.position=mySimSQTN.position,

model="MLMM",# Can choose MLM CMLM GLM SUPER MLMM FarmCPU Blink

memo="MLMM_O0PC")




FarmCPU algorithm
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QTN selection (bin approach)




myGAPIT_MLM <- GAPIT(

Y=myY,

GD=myGD,#Genotype
GM=myGM,#Map information
PCA.total=0,
QTN.position=mySimSQTN.position,
model="FarmCPU",
memo="FarmCPU_OPC")

FarmCPU via GAPIT
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—log1o(p)
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Re-analysis of Arabidopsis data
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Xiaolei Liu Resistance Developmental Jonomics Flowering
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Iterative Usage of Fixed and Random Effect
Models for Powerful and Efficient Genome-
Wide Association Studies

Xiaolei Liu'?, Meng Huang®, Bin Fan', Edward S. Buckler**, Zhiwu Zhang®°*
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It is time for human geneticists to move forward
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FarmCPU is computing efficient
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Half million individuals, half million SNPs: three
days
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Duplications of 100,000 samples by 100,000 markers

But, PINK new version is faster



Outline

« BLINK: Blackbox of GWAS A
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FarmCPU algorithm
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BLINK algorithm

]9powW paxi4

9+ dNS + SN1ID +2d=A

\O

Fixed model
QTNs

y=PC+SNP +e

BIC

9+ SNID+)Jd=A

]9poW paxi4



False
(bin too small)
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Elimination of markers with LD

Sl*
S,
r(Si7, S)<pB .
> 5, .
r(Sy", S) < p
) £ 3
>3 r(Ss", Si) < B
—> st*
Sm

Swm

y=s+S +S, +S;7+..+S," +e,wherei=1to M



Bayesian information criterion

70,000
69,800
69,600

69,400

y=S+S,"+S;7+...+S,”

+ e, where k<t maximizes BIC

M//
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. ", | ——m——— S; r(S;", S) < B
—_ S

_‘ b e
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BLINK (R in GAPIT)

myGAPIT=GAPIT(
Y=mySimSY,
GD=myGD,
GM=myGM,
QTN.position=mySimSQTN.position,
PCA.total=3,
model="BLINK")

BLINK.V1

/

Observed —logyo(p)

20

15

10

BLINK.V1

ooP0

| | | | | | | |
0.0 05 1.0 15 20 25 3.0 35

Expected —logio(p)

22 / ®




Simulation study with human data
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Power

Power

Same trend across species
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Enrichment

FarmCPU
BLINK

1003 genes identified by 4471 landraces
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Computation efficiency
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Computing speed

Single-Locus Model Multi-Locus Model

Power/type | error



GAPIIT

TASSEL
GAPIT

CMLM

PYART

Uncorrelated or
equally correlated
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A single indicator knock out 14
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