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Genome-wide association studies RNTHVERLEY

@ |dentify association between genetic markers and phenotypes of
interest

@ Significant association highlights genomic regions involved in the
control of a trait
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Genome-wide association studies RNTHVERLEY

@ |dentify association between genetic markers and phenotypes of
interest

@ Significant association highlights genomic regions involved in the
control of a trait

@ Variance Components based on linear mixed-models \
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Genome-wide association studies RNTHVERLEY

Linear algebra

b =(XTM X)X TMm 1y
M = o?(h*® + (1 — h?)I)

@ X € R™*P, single-nucleotide polymorphism
@ y e R, phenotype

@ h% 0% € R, heritability and residual variance
@ & € R™*™, kinship matrix

@ b e RP, genetic effect

@ n € [1,000, ...,10,000]
@ pell,.. 20]
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Genome-wide association studies RNTHVERLEY

Linear algebra

b = (X TM X)) XTM Yy with1<i<m
M = o?(h*® + (1 — h?)I)

@ X € R™*P, single-nucleotide polymorphism
@ y e R, phenotype

@ h% 0% € R, heritability and residual variance
@ & € R™*™, kinship matrix

@ b e RP, genetic effect

@ n € [1,000, ...,10,000]
@ pell,..,20]
@ m € [105,...,107)

Scenario 1: Single-trait analysis ‘
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Genome-wide association studies RNTHVERLEY

Linear algebra

bij = (X" M; 7' X)X T My, with1<i<m
M; =o2(h?® + (1 — h2)I) and1<j<t.

@ X € R™*P, single-nucleotide polymorphism
@ y e R, phenotype

@ h% 0% € R, heritability and residual variance
@ & € R™*™, kinship matrix

@ b e RP, genetic effect

@ n € [1,000, ...,10,000]
@ pell,..,20]

® m € [10°,...,107]

@ tislor ~10°

Scenario 2: Multiple-trait analysis ‘
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Genome-wide association studies RNTHVERLEY

The challenge
Scenario 1

@ Sample size: 10,000
@ # covariates: 2

@ # SNPs: 36,000,000
@ # phenotypes: 1
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Genome-wide association studies RNTHVERLEY

The challenge

Scenario 1

@ Sample size: 10,000
@ # covariates: 2

@ # SNPs: 36,000,000
@ # phenotypes: 1

@ Dataset: ~3TB

Tool Time
EMMAX 40 days
GWFGLS 20 days
FaST-LMM | 53 hours
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Genome-wide association studies RNTHVERLEY

The challenge

Scenario 1 Scenario 2
@ Sample size: 10,000 @ Sample size: 1,000
@ # covariates: 2 @ # covariates: 2
@ # SNPs: 36,000,000 @ # SNPs: 1,000,000
@ # phenotypes: 1 @ # phenotypes: 100,000

@ Dataset: ~3TB

Tool Time
EMMAX 40 days
GWFGLS 20 days
FaST-LMM | 53 hours
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Genome-wide association studies

The challenge

RWTHAACHEN
UNIVERSITY

Scenario 1

@ Sample size: 10
@ # covariates: 2

@ # SNPs: 36,000,
@ # phenotypes: 1

,000

000

@ Dataset: ~3TB

Tool Time
EMMAX 40 days
GWFGLS 20 days
FaST-LMM | 53 hours

Scenario 2

@ Sample size: 1,000

@ # covariates: 2

@ # SNPs: 1,000,000

@ # phenotypes: 100,000

@ Dataset: ~3TB

Tool Time
EMMAX ~ 3 years
FaST-LMM > 1 year
GWFGLS | =~ 9 months
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Genome-wide association studies RNTHVERLEY

The challenge

Scenario 1 Scenario 2
@ Sample size: 10,000 @ Sample size: 1,000
@ # covariates: 2 @ # covariates: 2
@ # SNPs: 36,000,000 @ # SNPs: 1,000,000
@ # phenotypes: 1 @ # phenotypes: 100,000
@ Dataset: ~3TB @ Dataset: ~3TB
Tool Time Tool Time
EMMAX 40 days EMMAX ~ 3 years
GWFGLS 20 days FaST-LMM > 1 year
FaST-LMM 53 hours GWFGLS | =~ 9 months
CLAK-CHOL ? CLAK-EIG ?
(A] 1]
Can we do better? Yes, HOW? cle[s]
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0 Introduction

e Single phenotype: CLAK-CHOL
e Out-of-core

@ Multiple phenotype: CLAK-Eig
e Experimental results

e Conclusions and Future work
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

b= (XIM7'X) ' XT Mty
M = *(h*® + (1 — h*)I)

1 -1 - _1 -1 =
| =/ == ! — ! | =/ o ! — !
b ( XA{ ELJ X;{ " e ( X‘{ I(;) XK‘ Hy"

P

» /

m
SNPs
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

bi = (XIM' X)X Mty
M = o?(h*® + (1 — h?)I)

@ Typically, based on eig(®): O(n?)
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

bi = (XIM' X)X Mty
M = o?(h*® + (1 — h?)I)

@ Typically, based on eig(®): O(n?)
@ CLAK-CHoL based on chol(M): O(n?)
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

bi = (XIM' X)X Mty
M = o?(h*® + (1 — h?)I)

@ Typically, based on eig(®): O(n?)
@ CLAK-CHoL based on chol(M): O(n?)
O(n3) = O(n?) ?
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Algorithms - CLAK-CHOL

Single phenotype analysis (¢t = 1)

bi = (XIM' X)X Mty
M = o?(h*® + (1 — h?)I)

@ Typically, based on eig(®): O(n?)
@ CLAK-CHoL based on chol(M): O(n?)
O(n3) = O(n?) ?

Chol | Eig
# operations | in® | Ln3
Efficient? + -
Scalable? + -

RWTHAACHEN
UNIVERSITY
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

bi = (XIM' X)X Mty
M = o?(h*® + (1 — h?)I)

@ Typically, based on eig(®): O(n?)
@ CLAK-CHoL based on chol(M): O(n?)
O(n3) = O(n?) ?

Chol | Eig
# operations | in® | Ln3
Efficient? + -
Scalable? + -
: . an
Asymptotical cost is only part of the story Clel]
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

b= (XIM'X) ' XMty
M = o?(h?® + (1 — h?)I)

Traditional
ZwzT =
X! :=7Z"X; m x (2n?)
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

b= (XIM'X) ' XMty
M = o?(h?® + (1 — h?)I)

Traditional

ZwzT =

X! :=7Z"X; m x (2n?)

CLAK-CHOL

LI =M

X =L7'X; m x (n?)
(A] 1]
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

b= (XIM'X) ' XMty
M = o?(h?® + (1 — h?)I)

Traditional

ZwzT =
X! :=7Z"X; m x (2n?)
CLAK-CHOL
LI =M
X =L7'X; m x (n?)
L (A1)
The constant makes a big difference EE8
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

=1 -1
MM RMNE
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

. &,ﬂﬁ }E\

@ Many TRSVs vs one single large TRSM

,\

.
e

S
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

. &,ﬂﬁ }E\

@ Many TRSVs vs one single large TRSM
@ Same amount of computation

,\

.
e

S
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Algorithms - CLAK-CHOL TR

Single phenotype analysis (¢t = 1)

&,ﬂﬁp\l

@ Many TRSVs vs one single large TRSM
@ Same amount of computation
@ Different efficiency

,\

.
e

S

Operation | Efficiency | Scalability

One TRSM 90% +
m TRSVS 15% -
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To take away e

Yes, asymptotical cost is important, but...

@ Careful with the constants (3n° vs 12n?, 2n? vs n?)
@ The efficiency of the operations plays an important role

@ The scalability of the operations is also important
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e Out-of-core

0
28

Diego Fabregat (AICES, RWTH Aachei Algorithms for Genome-Wide Association Studi June 25th — 29th, 2012 11/



Out-of-core algorithms RNTHVERLEY

Problem

@ Data does not fit in RAM (terabytes of data)

@ Loading data from disk is slow — processor stalls
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Out-of-core algorithms RNTHVERLEY

Problem

@ Data does not fit in RAM (terabytes of data)

@ Loading data from disk is slow — processor stalls

Approach

@ Overlapping vs Non-overlapping

@ Goal: hide the overhead due to data transfers
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Out-of-core algorithms RNTHVERLEY

The problem as a stream of data

We regard the problem as:

@ an input stream of X’s (SNPs)
@ an output stream of b’s (the computed effects)

Xi|Xo| -+ |Xm| ——| Computation |—— |bi|ba| -+ |bin
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Approaches to Out-of-core TR

Non-overlapping

READ X1,

COMP(Xp, > )

WRITE by,
READ Xy,

i1

COMP(Xpik,; 15 ¥)

WRITE by, ,
READ Xpix, .,

COMP(Xpik,; 5, Y)

WRITE by,
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Approaches to Out-of-core TR

Overlapping

Async I/O

ey Computation

READ Xpi,,,

COMP(Xpig;, ¥)

WRITE by,
READ Xy,

COMP(Xpik;, > ¥)

WRITE by,
READ Xy,

COMP(Xpik;,,» y)

[A]1]
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To take away e

@ Non-overlapping: 10% - 15% overhead
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To take away e

@ Non-overlapping: 10% - 15% overhead

@ Try to overlap as much as possible to minimize overhead
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To take away e

@ Non-overlapping: 10% - 15% overhead
@ Try to overlap as much as possible to minimize overhead

@ Perfect overlapping:

» Data on disk but...
» Efficiency as if data in RAM!
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@ Muttiple phenotype: CLAK-Eig
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Algorithms - CLAK-EIG TR

Multiple phenotype analysis (t ~ 10°)

/@ B t Phs
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Algorithms - CLAK-EIG TR

Multiple phenotype analysis (t ~ 10°)

1 -1 = _1 -1 =
| =/ == ! — ! | = o— ! — !
e ( X} H’C) X;I " e ( X;{ I‘A) X;{ Hy”

-1

— -1
= — ! —
bya ( Xr Hx) XT M, Hu

4 /

@ Traditionally: run single-phenotype routines for each phenotype
@ CLAK-EIG considers the whole 2D sequence in its entirety
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Algorithms - CLAK-EIG TR

Multiple phenotype analysis (t ~ 10°)

First step:
@ 1 eigendecomposition vs ¢ Cholesky factorizations
@ SNPs premultiplied (Z7 X;) only once and reused
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Algorithms - CLAK-EIG TR

Multiple phenotype analysis (t ~ 10°)

First step:
@ 1 eigendecomposition vs ¢ Cholesky factorizations
@ SNPs premultiplied (Z7 X;) only once and reused

Second step:
@ Cost of traditional algorithms: ¢(mn?)
@ CLAK-EIG linear with all dimensions: t(mn)
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Algorithms - CLAK-EIG TR

Multiple phenotype analysis (t ~ 10°)

First step:
@ 1 eigendecomposition vs ¢ Cholesky factorizations
@ SNPs premultiplied (Z7 X;) only once and reused

Second step:
@ Cost of traditional algorithms: ¢(mn?)
@ CLAK-EIG linear with all dimensions: t(mn)
@ There is much more: fine tuning, parallelism, ...
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Algorithms - CLAK-EIG TR

Multiple phenotype analysis (t ~ 10°)

First step:
@ 1 eigendecomposition vs ¢ Cholesky factorizations
@ SNPs premultiplied (Z7 X;) only once and reused

Second step:
@ Cost of traditional algorithms: ¢(mn?)
@ CLAK-EIG linear with all dimensions: t(mn)
@ There is much more: fine tuning, parallelism, ...

Out-of-core: a careful tuning of the overlapping is VERY important.
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Algorithms - CLAK-EIG TR

Multiple phenotype analysis (t ~ 10°)

ExLEOTERLEE
Timeline ax Function Summary

0s 30005 6000 5 2.000's 120005 150005 | AllProcesses, Accumulated Exclusive Time per Function
& 300,000 200,000 005

- o5
| Cr—— o L0ce x_cope
1.040.944 5 | 0OC_GEMM
879474 s |WAT X
54948 s [WAT_Y

Process 0

28295 |COMP_LOOP_Y_CODE
27.087 5 |PRELOOP
3426 5 |00C_GEMM_WAT
15675 [READ.Y
<15 |WRITE B
<015 |READ.X

ContextView

W Appiication
comp

B wars
B wRrTe
Thread 0:30
Thread 0:31

<1 [@»1
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Algorithms - CLAK-EIG RTRAsERY

Multiple phenotype analysis (t ~ 10°)

W fle Edt Chart fiter Window Help SCE)

ErLEeTIERL2SE2L | o 20 000 1
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30,000 s 150005
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Thread 0:4
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Thread 0:34
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e Experimental results
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Experimental results

Scenario 1: Single phenotype

@ # covariates: 2

@ Sample size: 10,000

RWTHAACHEN
UNIVERSITY

EMMAX
GWFGLS
FaSTLMM
CLAK-Chol

@ 12 cores
80 [
A
(c]
G 3
) i
5
o
< a0}
[
£ |
B
10 KS) v

53 hours

8.5 hours

3.6*107

All]
ClelS]

Diego Fabregat (AICES, RWTH Aachen)

Algorithms for Genome-Wide Association Studies June 25th — 29th, 2012

22/27



Experimental results e

Scenario 1: Single phenotype

@ Sample size: 10,000
@ # covariates: 2

@ 12 cores
120 EMMAX: 112.2x
A A
100 |
80 |
o
£ GWFGLS: 56.8x
8 60 raks: 90
40 |
20N FaST-LMM: 6.25x |
1 ; ; ;
108 107 3.6"107
m
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Experimental results e

Scenario 2: Multiple phenotype

@ Sample size: 1,000
@ # SNPs: 1,000,000
@ # covariates: 2

| A
1000 A EMMAX 2.78 years
..... v FaSTLMM
800 | | o GWFGLS
’c; —— CLAK-Eig
>
I 600 r
Py 14.4 months _
0
e 37 Weeks .
wol -
A ------------------------ o S vanse 58 h r
0 e P | -
10* P N
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Experimental results e

Scenario 2: Multiple phenotype

@ Sample size: 1,000
@ # SNPs: 1,000,000
@ # covariates: 2

@ 12 cores
300 ¢ EMMAX: 418x ]
o 250
N
< 200 ¢ FaST-LMM: 177x |
- .
© 150} e ]
o A s GWFGLS: 105x
o 100 - J— o) e o]
& 50 | v i
@ CLAK-Eig:  1x
1 2 ‘ ‘ ‘ ‘ ‘
10° 10° 102 10° 10* 10° am
t cle]s]
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G Conclusions and Future work
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Conclusions and Future work (1) RWIACIEY

Two different scenarios: Two different algorithms

Single phenotype: CLAK-CHOL
Multiple phenotype: CLAK-EIG
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Conclusions and Future work (1) RWIACIEY

Two different scenarios: Two different algorithms

Single phenotype: CLAK-CHOL
Multiple phenotype: CLAK-EIG

Guidelines for High Performance
@ Asymptotical cost is not enough
@ Number of arithmetic operations
@ Efficiency and scalability of the operations
@ Perfect overlapping of 1/0 with computation — no stalls
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Conclusions and Future work (1) RWIACIEY

Two different scenarios: Two different algorithms

Single phenotype: CLAK-CHOL
Multiple phenotype: CLAK-EIG

Guidelines for High Performance
@ Asymptotical cost is not enough
@ Number of arithmetic operations
@ Efficiency and scalability of the operations
@ Perfect overlapping of 1/0 with computation — no stalls
@ Very important: look at the problem as a whole
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Conclusions and Future work (I1) RN BCHEN

@ Single phenotype: CLAK-CHOL - Speedup > 6x
@ Multiple phenotype: CLAK-EIG - Speedup > 100x
= Years/Months to hours!!!
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Conclusions and Future work (I1) RN BCHEN

@ Single phenotype: CLAK-CHOL - Speedup > 6x
@ Multiple phenotype: CLAK-EIG - Speedup > 100x
= Years/Months to hours!!!

@ Reduction of complexity by exploiting sparsity
@ More computational power: GPU, MPI
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