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Introduction

* Feed intake represents >50 % of total costs of dairy
production.

— Dry matter intake (DMl in kg) is expensive to measure
(never mind actual energy intake in Mcal!)

— Tied to both economic and environmental sustainability.

 USDA grant (Vandehaar PIl) generated ~5,000 DM
records on ~4,000 cows from 8 US research stations for
>42 d of intakes between 50 and 200 DIM.

* Genomic reliabilities for elite young bulls averaged 12% for RFI (Van
Raden et al., 2018) based on use of reference population from
USDA grant.
— Other countries (Netherlands, Australia) have published

genetic evaluations based on feed efficiency



Outline of talk

* Help provide a clear GENETIC distinction between
various definitions of feed efficiency (FE) traits

— Dry matter intake

— Residual feed intake (RFI)
e Phenotypic vs genetic RFI (pRFI vs. gRFI)

— Feed Saved (FS) including genetic Feed Saved (gFS).

* Implications of FE trait choice for reliabilities of
genetic evaluations and selection programs
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TWO STAGE MODEL

PRFI is not an observable trait: -> estimated residual from a first-stage statistical model:

DM = various environmental effects (e.g. CG) + b;MIIkE + b,MBW + b, ABW + ¢

ORFI = &

-0 +®

MiIlkE: Milk energy
MBW: metabolic body weight (BW?75)
ABW: change in BW

RFl is a measure of metabolic efficiency

Second stage model is the quantitative genetic analysis model

pR Fl= FH_ u(polygenic:/genomic:)

potential random regression extensions for DIM-specific pRFI

Problem with pRFI: It is phenotypically independent of MilkE and MBW....but

+ other cow-specific effects + e

It may not be genetically independent!

—Fails to recognize that genetic relationships between traits may differ

from non-genetic relationships between traits!
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Genetic relationships

An alternative approach to modeling genetic
merit of feed efficiency in dairy cattle

Mu |tlp|e trait model a pproaCh Y. Lu,* M. J. Vandehaar,* D. M. Spurlock,t K. A. Weigel,f L. E. Armentano,t m ,‘j

Z. Wang,I N. M. Bello,fl and R. J. Tempelman™'

R \n alternative approach to deriving SEQREAZE B[R]

u u . o
Upny = bl( )uMi,kE,j +b§ )uMBW'j +Ugeer | Var(u o .): ’ Multiple trait (MT)
T # | model also adjusted for
ABW (i.e. hybrid
Residual relationships gRFI/pRFI approach)
2
e e var| e )=0
Comi,j = bl( )eMiIkE,j + bg )eMBW,j +€4rei | ( gRFI’J) ORI
(Kennedy et al. 1993 did not consider separate coefficients for residuals)
o’ MT model approach assures that MilkE
hZRFI — s and MBW are BOTH genetically and
) (7u2 + Gez residually independent of gRFI!
gRFI gRFI
cor (uMiIkE,j yUgrper ) = Cor(uMBW,j yUgrer ) =0
(Not true in Kennedy et al. 1993) cor (eM”kE j ,egRFl j ) = COor (eMBW j ,egRFl j ) =0 5
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Genome-wide association analyses based on a multiple-trait

approach for modeling feed efficiency

Y. Lu,* M. J. Vandehaar,” D. M. Spurlock, K. A. Weigel, ¥ L. E. Armentano,} E. E. Connor,§ M. Coffey,#
R. F. Veerkamp,|l Y. de Haas,|l C. R. Staples,{ Z. Wang,** M. D. Hanigan,t1 and R. J. Tempelman*'

* Feed intakes on 6,937 Holstein cows from 16
research stations within 4 countries
— DMI = env. effects + 0.33 MilkE + 0.0 MBW + pRFI

(kg) (Mcal) ( kg®7™) (kg)
i.e. b,=0.33kg/Mcal

Rearrange this expression: 132 =0.09 kg/ kg®7>

) pRF/ = corrected DMI — 0.33 MilkE — 0.09 MBW

— So..... pRFl is a linear combination (“derivative trait”) of

DMI, MilkE and MBW

* Once you’ve conducted a MT analysis on DMI,MilkE and MBW,
there is NO NEED TO DO A SEPARATE ANALYSES to compute
heritability of pRFI and genetic correlations of pRFI with these

or other traits (Kennedy et al., 1993).
6




Multiple trait analyses of FE component traits
(Lu et al., 2018; JDS)

e Variances-covariances (VCV)

— Genetic VCV Residual VCV
MilkE MBW DIVII_ MilkE MBW DMI_
~12.69] 0.14 1.10|mike 950 | 4.27 3.36 | milke
G=|014 2642 261|vMBW R=[4.27 31.98 4.18 |mBwW
1.10 261 1.08 M 13.36 4.18 3.52 M
I\/élIIéE9 MBW DMI
2| < _o. N2 _ h? =0.23
.hl 269+950] 04 =045 T .
Genetic Residual
correlations correlations
9 1 [002 64 1[0z osg)
f)g =10.02 1 048 p.={025 1 [0.39
1064 048 1 1058 039 1

MilkE and MBW are potentially good predictors of DMI...
....genetically and phenotypically!




Example of Ecological
Fallacy/Simpson’s Paradox
(Bello et al., 2012; JDS)

Within herd versus across herd
relationships between milk yield and
calving interval

Positive (antagonistic)
relationships between traits
WITHIN herds

Negative (beneficial)
relationship between traits
ACROSS herds

In turn, could anticipate difference
genetic and residual correlations
between traits.

Use of pRFI fails to recognize this

Calving interval, mo

Calving interval, mo

20

18

14

20

A. Cow-level association (within herds)

3 herds, 200 cows/herd

Herd 1:f__ =046
Herd 2:7__=0.56
I 1
10300 10350

305-d milk yield, k

B. Herd-level association (be

10550

200 herds
frwe = ~0.63
P < 0.0001

I I I
10400 10450 10500

305-d milk yield, kg

10550



Simply deriving gRFI coefficients from a MT analyses

MilkE MBW
- [269 014 1. & &
G — 014 lllllllllllll 2642 llllllllll — | o sinksink . sink;source
1.10 2.61 LG source,sink G source,source
b") | _ & A\ 269 014" [ 0.40kg/Mcal
L;gu) =G (Caman ) =[110° 261] 574 5645 | = 0.007ky /kg™™
Conditional normal theory
usource|sink
A ~ il
L. = Gsource,sink (Gsink,sink usink + ugRFI
Slmllarlys,9 0 497 33" = 0.40U,¢ +0.097Uy5 +Ugee,
ﬁ — 427 ............. 31 ..... 9 8418: Rsink,sink Rsink,source —‘
3.36 4.18 352 Rsource,sink Rsource,sourceJ

b | _ - - 1oy 9.50 4.27 7" _[ 0.31kg/Mcal
[5;@ =Roeasinc (Rann ) =[3.36 418]| 157 3198 | =| 0,080k / k"™
*  You could do the same thing with pRFI! PG +E

b _p (P Y= 0.33kg / Mcal Identical to conventional
source,sink sink,sink

— 0.75
0.09kg / kg regression approach yet allows

for missing data ’



gRFI vs pRFI comparisons (Lu et al., 2018)

Genetic parameters

Genetic Residual .
Heritability
variance variance
EBVgRFI
PRFI 0.40+0.05  2.09 +0.05 0.16 +0.02 ' o
gRFI 0.38 £ 0.05 2.09 £0.05 0.15+£0.02 ~ ' ;

EBVpRFI
Partial regressions of DMI on energy sink traits (MilkE & MBW)

Partial regression Partial Regression on MBW Genetic
Component relationships
on MilkE (kg/Mcal) (ka/kg®7>) are stronger
R R than residual
PRFI Phenotypi b1 =0.33+0.06 b2 =0.09+0.02 relationships
_ ~w) ) between DMI
gRFI  Genetic GIESC 002N (7R O CSED DO with MilkE
and MBW!

Residual Bfe) 0312001 by’ =0.089:0.005

10



Actually, you never ever need to explicitly compute a RFl once

you’ve done a multiple trait analyses on component traits!!!

e.g.,Recall Upmi = bluMiIkE +bzuMBW TUpe 0.33Upine +0.09uy5, T Upre
_uMiIkE_ i 1 O O_ U. . _uMiIkE_ 1 0 O ™
UMBW B 0 1 0 uMI|kE or m.o.re UMBW _ 0 1 O uM|IkE
Upw 10 0 1 UMBW specifically Uy = 0 0 1 UMBW
_upRFI | =_b1 _b2 1= DMI _UpRFl . , _033 _009 1 DM
Therefore L var(u) I’ I u
Ume | [ 1 0 0] r{ g 0 _033 o . [269 014 1.10
‘ var| Uvew || O 1 0|slo 1 0 —009 Letse _|014 2642 261
Upwi 0 0 17501 1 use 110 261 1.08
U gy -0.33 -0.09 1
B _ —.  Genetic correlations
suchthat  ry 7 269 014 110 019] Uyire | | 1 002 064 0.18
Uysw | | 0.14 26.42 261 0.15 = p| Uvew (| 0.02 1 048 005
var = Plu 064 048 1
Upw 1.10 2.61 1.08 0.48 DMI - -
| Uee | [0.19 015 0.48 [T40 |Uge | 1018 0.05 0.73
Could Euilke 9.20 :?.2978 3.32 —0.19] B _ Residual correlations
imilarl e | 4.27 1. 4.18 -0.15 €y 1 2 _ 0.
Z'g:i'vaer_y"ar e |=| 336 418 352 202 o™ || 05 015 8_28 0.0
: _epRFI -0.19 -0.15 2.02 |2.10 ‘ P eDM| = 0.58 0.39 1 A
LRU  €orer | -0.04 -0.02 0.74 1
22 0.40 0o . .
Note that hpRFl = = Just like in Lu et al. (2018)...but without doing the,
0.40+2.10 additional analysis on pRFI!




Same thing is true for gRFI!

uM|IkE 1 O O _uM|IkE_ 1 O 0
Uyey | 0 1 0 || YUmiie ‘ Uvew | 0 1 0 MllkE
Ugy || O 0 1 llJJMBW Uy || O 0 1 MBW
| Uger | | D) b 1L 0w (Uge | [-0.40 —0.10 1]LYow
Using estimates from Lu et al. (2018)
Therefore
Uyie | 1 .. . [269 014 1.10
‘ T 0 (1) 8 1 0 0 -040 lets &_|014 2642 261
var| "W 1= o 1/6/0 1 0 -0.10 use 110 261 1.08
U;DR'\QI 040 -0.10 1 001 1 from Lu et al. (2018)
B B Genetic correlations
suchthat . : Use | [ 1 002 064 [0
Upiiike 269 014 1.10 E U 002 1. 043 lo
Uwew | _10.14 2642 261 =) p| MEW ||+ :
‘ Ve upw | 71110 2,61 1.08 [0.38 Uow || 0:64 048 1 [0.50
| Uger | [0 0] [038]0.38 | Ugrer | :

“Restricted selection index”

Key points/reminders (Kennedy et al., 1993)
U,pp Uncorrelated with vy, - and U,z

—
COV(UDI\/II y Ugrr ) = Oy RrFI COI‘I’( omi + Ugrri ) \/O-u gRFI /Gu DMI




Deriving residual covariance parameters for gRF|

Cumilke 1 0 0] e
Evaw | 0 1 0 || ©milke
eom | | O 0 11| Cmew
_egRFI_ _—bl(e) —bge) 1_ Com
Different from Kennedy et al. (1993)..they re-use bl(“) and bg”)
Therefore
‘ ewine | | (]j (])- 8 1
Cvew | _
var e || 0 0 1 R[g
_egRF, | _—0.31 -0.09 1
such that ] ]
Evile 950 427 336 0
‘ var| Gwew [_|4.27 3198 418 D
€omi 3.36 4.18 . 2.09
€4rri 10 0 e, 2.

* Key points/reminders

e | [ 1 0 Ol
) [Gov|-| O 1 0fom
€ou 0 0 1| vew
| €ge | 031 -0.09 1L %owm

Using estimates from Lu et al. (2018)

o 950 4.27 3.36
-0.31 let's »_|427 3198 418
—0.09 use 336 4.18 352
1 from Lu et al. (2018)
Besidual correlations )
Eyite 1 025 058 |0
e 1025 1 039 |0
= Ple, |T|058 039 1 [0.77
€ re: 0 0 [[0.77] T ]
~» 038
RE0.38+2.09

e, rr Uncorrelated with ey, - and ey,

2
COV(eDMI  Eorri ) = O¢ RFI

2 2
corr(eDM,  CorFI ) = \/Ge,gRFI /Ge,DMI




Feed Saved
Currently popular feed efficiency trait (AUS,CRV)

Pryce et al-; 2015 Combine together
— Recall DMl =b; (MilkE - MilkE ) +
* pRFI

E - Q +df e b, (I\/IBW I\/IBW) N e
* £nergy requwe or maintenance = +

Feed saved (FS) Easier for

industry to
-by

(|\/|I|kE |\/|I|kE)) understand
Why not consider genetic Feed Saved (u )?
Uges = -(blg/lIJEZWuMBW T Ugre ) = -(UDMI _bls/llji?kEuMilkE)

— i.e. genetic rather than phenotypic regressions...just as
with gRFI!! L



Other possibilities

Residual milk energy (Coleman et al., 2010):

— Switch the trait order : adjust MilkE for MBW &
DMI

_ (v g U eriver >0
Unine.; = Bown Uomr,j + BuvewUnew j T Usruine, | gRMUKE,j

— I.e. use genetic regressions. e Uy puitks, <O

* Feed Conversion or Gross efficiency ratio

DMI MIIKE ..difficult to work with... not normally distributed
3 or and need to express EBVs relative to a baseline->
MilkE DMI option: use a Bayesian approach (Shirali et al., 2018)

NOT DISCUSSED FURTHER: linear measures are
more highly related to profit (selection indexes,
IOFC) than ratio measures! 15



U rmilke

Relationship between alternative FE traits

Derivative traits

0 0
0 1 0
0 0 1 Uniie
o, bl 1 {}
bMiIkE ?)* _(1)* Upwmi
1 _bMBW _bDMI

Using the same G as provided earlier:
Genetic correlations

uMiIkE

o

1 0.02 0.64 0 [ [-0.01
0.02 1 0.48 0 | |-0.63] O
0.64 0.48 1 060 [(-0.77| O
0 0 0.60 1 1-078| -0.73
-0.01 -063 -077 -078 | 1 0.57
0.68 0 0 -073 0.7 1
how =023 > hi. =021 > h_...=017 >h’%. =0.15

| Ugrmike |

1
0
0
—0.40
0.40
1

[
0.13w.32

L

0
1
0

0
0
1
1
-1

uMilkE
uMBW
uDMI

Although you don’t need to record MBW for
FS!...it’s a potential predictor trait for FS!

/6.68/Mi|k5 and

MBW are NOT
predictors of
gRFI...genetic
independence

16




PTA reliabilities on sires for different proportions of daughters
having DMI records (all daughters have MilkE,MBW records)

100% of daughters having DMI records 50% of daughters having DMI records

DMI

= gFs
= gRFI
ilk

Reliability
©

gRmilkE

Remember: Top US young bulls
average 12% for reliability on RFI?

50
Number of half sib progeny

No daughters having DMI records D ) anber ot soprogry -
& s i i DMI gRFI gFS gRMIlkE
 Bottom line: “Feed ﬂmﬁ 0%2 0-82 8-% :8.2% 0.838
efficiency” PTA accuracies Upwi |_| 0.64 048 |_1 0771 0
5 Pl ugs |7 0 0 060 1 -078 -0.73

or . . . . RFI
_depend on trait definition g 00l -063 -077 -078 1 057

Reliabllity
o

...... Uges
DM o [ Une ] L0680 0 -073 057 1 |
gRMIlKE .
: / ’_ gFs Want meaningful genetic evaluations on metabolic
efficiency (RFI)??...then you need DMI records!

«

gRFI
| 17

50
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Selection index as a function of DMI

* Suppose efficiency index (EI..S/d) only involves
MilkE, MBW, & DMI. V>0

El =v,EBV,, . +V,EBV,, +V,EBV,,,  economic weights {v,:?
v, <0

* Assume:
— v, = $0.60/Mcal (based on milk fat prices)

— V2 =0 (don’t factor in feed costs here!...that’s already in v,!!!)

—V3=- S025/Kg (feed costs...AS IS)

e Elsie’s EBVs EBv,,. -+1.6Mcal:EBV,,, =+5.0kg”;EBV,,, =+1.0kg

ol o El=060(+16)+0(+5.0)-0.25(+10)=+$0.71/ ¢

18



Write same efficiency index...but now as a function of gRFI!

* From Luetal. (2018):  EBV,,, =bi;EBV, e + b, EBV, 4, + EBV, .,

— Plug this into ﬁ

El =v,EBV,,,c +V,EBV,;5, +V:EBV,,

Genetic-Economic Discounts for DMI
when RFl is specified in index

= (0.60]-0.25(0.40)) EBV, ;. +(0 —0.25( 0.10)) EBV,ygy, +(-0.25)E

%
: 47
— 0.50EBV,,. —0.025EBV,,,, —0.25EBV

gRFI - 4 u u
for ﬂ) ¢ EBVgm =EBVpy - blE/Ii?kE EBVyine — bIS/IEZW EBVyen

Elsie &

T =41.0-0.40(+1.6)-0.10(+5.0) = -0.14
El as function  E| =0.5(1.6)—0.025(5.0)—0.25(—0.14) =$0.71/d

of gRFI: Same as before!!!!

gRFI

19



El being
function

of which
FE trait?

DM
gRF

Selection Index Weights

Actual (relative) Actual Elsie’s
economic (relative) (relative) Efficiency
weight on MilkE economic economic Index (El)
weight on weight on FE
MBW trait
0.60 (79%) 0 (0%) (21%) $+0.71 |
0.50 (74%) -0.025(12%) (14%) $+0.71
0.50 (81%) 0(0%) (19%) $+0.71

Reliability of El does not change whether El is written as function of

DMI, gRFI, gFS (or pRFI or pFS or residual milk energy for that matter)! I




Conclusions for genetic evaluation of
Feed Efficiency (FE)

e DMI vs RFI vs FS...vs whatever. DOES IT MATTER??

— Actual selection index (SI) does (SHOULD) NOT change if it’s a

function of DMI, FS or RFl...even though h? of FE traits vary
from each other.

— |t might only matter if breeders wish to deviate from Sl and
upweight biological efficiency (RFl) or economic efficiency (FS)
e Of the 3 (DMI,RFI,FS), FS might be the most economically
meaningful FE EBV to report, but RFI still most relevant for
metabolic efficiency studies(e.g. GWAS -> Lu et al,,
2018)...FS is a genetically more complex trait
— Strongly advocate the use of genetic regressions for both FS

and RFI given potential differences in genetic versus residual
relationships between component traits.

« gRFI gFS gRMIlkE f




Other issues to contend with in
selection indexes

* Badly need genetic correlation estimates
between DMI/RFI/FS and other traits in NMS

* RFI/FS sink coefficients may be changing
systematically over time:

—e.g. b, on (M)BW... T

— implies that genetic/residual correlations are
changing between DMI and (M)BW ?

— Substantial heterogeneity in pRFI coefficients
(Tempelman et al., 2015) and gRF/ coefficients(Lu
et al., 2017) across herds and rations as well.
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