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Saving the Babies from the Bathwater in
Genome-Wide Association Studies

Zhiwu Zhang
Washington State University




Biomedical Innovations out-paced
puter Innovations
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More Research on GWAS and GS
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Genome-wide association studies of 14 agronomic

traits in rice landraces
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+ As fast as one season
* 50~300 kb resolution
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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
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GLM for GWAS

Population
structure

l

v
Y =SNP + Q (or PCs) +
(fixed effect) (fixed effect)

General Linear Model
(GLM)




Additive numerator relationship
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Marker based kinship
N

+ Proportion of shared allele

« Average across markers

Marker 1 2 3 4 5 Average
Individuall  AA AA AA BB AB

Individual2  AA AB BB BB AB

Similarity 1 0.5 0 1 0.5 0.6

Maximum similarity: 1



Kinship matrix (re-scaled)
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Population
structure

l

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

(random effect)

(fixed effect) (fixed effect)

General Linear Model (GLM)

—

Unequal
relatedness

l

Mixed Linear Model (MLM)
(Yu et al. 2005, Nature Genetics)
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Atwell et al Nature 2010
a, No correction test

b, Correction with MLM
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GWAS does work well for traits associated with structure






Enrichment
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Compressed MLM improves power

1.00 -
o™ ﬁ;;om - |
— — ot ® s st )
-0-0.2sd
080 & N
~~H
//\ -~0.16sd
060 © \\ -
~- Zhang et al, Nature
7450 Genetics, 2010
7400
7350
7300 ——
7250
—AICC
7200 |
7150 I—BIC
7100 +——F—1 | | .
— N ST 00 WO N S0 WA 0
— M ONL AN
— N OO
— N

Average number of individuals per group



Compressed MLM is more general

Zhang et al, Nature Genetics, 2010

GLM
(1 group)

Compressed MLM (s groups)

'

Full MLM
(n groups)

SA, GC, PCA and QTDT

Sire model

Compressed

Henderson’s MLM

Unified MLM

Pedigree
based kinship

Marker

based kinship




Enriched Compressed MLM

Kinship: Among individuals -> among groups
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Statistical power
Improvement

A 7}
| D
11

GLM to MLM 3.6% 13.8% 10.1% 29.6%

Compression to group

L 6.4% 13.3% 2.9% 2.6%
kinship

Li et al, BMC Biology, 2014



Sensitive Resistance
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Adding additional markers bluer the picture



Derivation of kinship

QTNS
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All SNPs > Kinship
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Statistical power of kinship from

True QTNs only  30%

All SNPs, including True QTNs



All traits

Single trait

Kinship evolution
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Statistical power of kinship from

True QTNs except the one tested

True QTNs only 30% i

All SNPs, excluding True QTNs

All SNPs, including True QTNs



Bin approach




Mimic QTN-1

+ 1. Chooset associated SNPs as QTNs each represent an
interval of sizes.

2. Build kinship from the t QTNs
« 3. Optimizationontands

+ 4. Fora SNP, remove the QTNsin LD with the SNP, e.g. R
square > 1%

# 5. Use the remaining QTNs to build kinship for testing the
SNP




Statistical power of kinship from

SUPER
True QTNs except the one tested

True QTNs only

All SNPs, excluding True QTNs

All SNPs, including True QTNs

SUPER

(Settlement of kinship Under Progressively Exclusive Relationship) Qishan Wang

PLoS One, 2014



Usage of Software Packages

Software Leading Authors Corresponding authors Language Released Citation
PUMA  Gabriel E. Hoffman Jason G. Mezey C++ 2013 8
TATES  Sophie van der Sluis Sophie van der Sluis Fortran 2013 20
GAPIT LipkaAE Zhang Z R 2012 106

MLMM  Vincent S Nordborg M R/python 2012 69

GEMMA Zhou X Stephens M C++ 2012 88

Christoph L, Listgarten J,Christoph L, Listgarten J,
++

FastLMM Heckerman D Heckerman D ¢ 2011 104
Qxpak M. Pérez-Enciso M. Pérez-Enciso Fortran 2004 141

EMMAX Kang HM Sabatti C & Eskin E C++ 2010 349
GCTA JianY JianY C++ 2011 380

GenABEL Aulchenko YS Aulchenko YS R 2007 510
Tasspr, Dradbury PJ, Zhang Z, Kroonp 4o Py Java 2006 660

DE

75%



Why human geneticists

5

not go beyond PLINK
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GWAS Model
Development

si: Testing marker
Q: Population structure
K: Kinship

S: Pseudo QTNs

—>
Adjustment on marker

—>
Adjustment on covariates

y = s + e
— GLM
y = s + Q + e
| —
— MLM
y = s + Q+ K+ e
t—
~ CMLM
I v
y = s + K + Q + e
=
~ MLMM
= s + S + Q + K + e
= |
— FarmCPU
y: = § + 5. + e
t |1
y = K + e




Xiaolei Liu

It is time for human geneticists
to move forward

The second Principal Component (PC)
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Re-analysis of Arabidopsis data
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Power enrichment

Flowering time genes enriched
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FarmCPU is computing efficient

5
e Testing 60K SNPs
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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
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BLINK is super fast

Running time (hours)
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g Testing half million SNPs
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BLINK is 5X > PLINK, 200X > FarmCPU
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Ladder for high hanging fruits

TASSEL
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Uncorrelated or
equally correlated



Acknowledgements

Xiahui Yuan

Alex Lipka Meng Huang

GAPIT >
EHEHK S
P WASHINGTON
USDA  WASHINGTON STATE ’ A CRAIN

” A COMMISSION

= QU




