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Common prediction approach:
A linear marker effect model

Linear mixed model
y=p+MpB+e,

where y denotes the vector of phenotypes, which is assumed to be
a linear function of SNP effects j; BN N(O,ag) and € a random

error term (¢; S N(0,02)).



Common prediction approach:
A linear marker effect model

Linear mixed model
y=p+MpB+e,

where y denotes the vector of phenotypes, which is assumed to be
a linear function of SNP effects j; BN N(O,aé) and € a random

error term (¢; S N(0,02)).

» Limitation: only additive effects accounted for



CAALILLOA| | UAAL ii. Nl
Oy .§CoA | | gus< hu c
Se o 'g < B kY]
ZC EY =
07y “oH ’553 ‘,55 AM
\ nappH T eLyoxy. £ = 4
AN FHO Asam o PPE S 138
N\ NADP* =+ DEHYDRO.  /peia i W=0s & Iss
M CoasH+ GENASE / oenvDRO- 98
N 1S, A1 cinase g oz
\ | < FEN - E - H,0, 0OH Iwa
e W ¥ MO arino & ]
_ATE} GLYOXYLATE NH,# Il H,0 ThP-E
&) o edihettie el S/ N A
© 2.H¥I
XY CooH GLYCINE _ PyrP MALATE "
DASE] [ coon] TRANSAMIN ASE EHYDROGENASE U
FMNH, - £ 1" 7 7/ NADH +H* NAD* €
7 / ¢
” ¢
P ¢
o, ’/ DEHYDRO- [
e ((EENASE ACCEPTOR H, ACCEPTOR [
LATE, By NADP) '
i e Y SRR
3SPHOENOL- | S A-ISMP SUCCINATE w-AMI-
UVATE  threo-Ds- (Note15) 00He / {BAE NH,
IS¢ E ISOCITRATE NADPH =0 1> Hif "
S o N e 00
EN
SSmoetn MO\ Ja® b/ cwTARNATE s
£ » — H lote
JITASE)"H:7 COOH @ <o cog 0 ! (AT

=
(H = T ISOCITRATE [ g
CooH A?"‘-'-—ﬁ-—"‘ DEHYDROGENASE  S12

(NADY)

NAD* 1 CHy
NaoH+He [ &, T\ E-nry
(ATP), LT
ot O [LAMING ACID] wy
(AMP af low
CITRATE),(ADP) GLuTAMinE-oxoacip |

ISAMINASE |

(zoxorcn]A




CAALILAOA | | UAAL, F el W .
- we b, ¢
Oy -$CoA | | 53 l:&
T [32x 03¢
074 “OH ’__%,_g ‘EE AM
A NADEHa) GLroxY. o e § ’33
S 2R~
N\ NADP® 4 DEHYDRO- ’DROXVACID/\-O’ §Igs
M con-sH+ CENASE  /peuvpRo- l,‘ 2
Y i, A aenase g oz
\\\\ H /]/ NN E = H,0, 00H Iwa
H,0, o,
w4 " 'D-AMINO *
_ATE} GLYOXYLATE NH,# 1l H,0 Thp z‘
ELOQC,N <X L oxiDase S
XY CooH GLYCINE Pyrk MALATE GLUY
:?Asel Lcoon | TRANSAMIN ASE EHYDROGEN ASE LU(:
FMNH, - E 1" /,/’ 7 NADH +H* NaDe &
’/f/ T
©; 7 b g ccerron §
* N ((EENASE ACCEPTOR-H, At ¢
— (NADP), X
o e ¥ SRR
3SPHOENOL- |y ©A-ISMP SUCCINATE Tao-AMI-
UVATE  threo-Ds- (Note15) 0OH#* / DASE ] NH,
ISOCITRATE wsocémsagi_ NADPH ¢=0 20%0" NADPH 4 H+/N/A
~ GOOH )\ GENASE 00C-¢-H GLUTARAMATE GLUTAMATI
P
T e R YL & CH, o DEHYDROK
e C-COOH s il s = CooH, ¢ o140

"T“E;h"“:: H =7 ISOCITRATE & g
Coom ?"‘-'-—ﬂ-—"‘ DEHYD(RNG;QEI}‘IASE {Ha

NAD* & 1 CHy
NaoH+H® | o, T\ G-NH
(ATP), LY
ol | WASH [LAMNOAGE]ey
(AMP ot low \
CITRATE),(ADP) GLUTAMINE-OXOACID

ISAMINASE |

(zoxorcn]A

How to incorporate interactions in the model?



The epistasis model

A generalization to a model with polynomials of degree two:

Yi = p+ M8 + > MixMithig + €
k=1,...,p;I=k+1,....p

two-locus epistasis model



The epistasis model

A generalization to a model with polynomials of degree two:

Yi = p+ M8 + > MixMithig + €
k=1,...,p;I=k+1,....p

two-locus epistasis model or

yi=p+ Mo + Z M Mihyy + €;
k7I:17"'7p

) . . j.i.d.
dominance + two-locus epistasis model with hg "< N(0, 0?).
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» Obvious problem: Parametric inflation of the model.

» Do we need to estimate all effects to use the model for
genomic prediction?
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Equivalence of models
Well-known:

y=pu+MB+e=y=pu+g+e

with g ~ N,(0,03MM’).

» GBLUP model has advantages since the number of markers p
usually exceeds the number of genotyped individuals.

> Is there an analogous equivalence for the epistasis models?
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Equivalence of models

For the epistatic models, we have

yi=p+ Mo + Z MiuMijhy +e€¢i = y=p+g+ate
KJ=1,....p

with a ~ N;(0,02MM’ o MM') for the model incorporating
dominance or

a~ Nn(0,07 (MM' o MM') — (M o M)(M o M)'))

for the two-locus model, where o represents the Hadamard product.



Test on a wheat dataset (Crossa et al., 2010)

(599 lines, 1279 DArT markers encoded by {0, 1}, four different
environments, trait: grain yield)



GBLUP vs. Epistasis model y = 1+ a+ ¢
with a ~ N,(0,c2MM’ o MM')
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A relationhip matrix based on a
subset of interactions
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where M, denotes the kth column of M reflecting the marker
realizations of all genotypes at position k.
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The interaction of marker k and j translates into the matrix
(MakM.y) o (Mo;M.)) o

where M, denotes the kth column of M reflecting the marker

realizations of all genotypes at position k.

» Trait-specific, network based relationship matrices can be built
by summing over the matrices of the individual interactions.



Adding selected epistatic interactions to an additive model
can substantially improve predictive ability of genomic prediction
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Example: Chill coma recovery in the Drosophila Genome Reference
Panel (DGRP) (Ober et al., 2015).



Outlook

» Goal: Translating available informations on gene interaction

and biochemical pathways into interaction within the epistasis
model.
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