
An Alternative Approach to Modeling Genetic Merit of Feed Efficiency in Dairy Cattle 
 

YF. Lu1, M.J. Vandehaar1, K. A. Weigel2, L. E. Armentano2, D. M. Spurlock3,  
C.R. Staples4,  E.E. Connor5 and R.J. Tempelman1. 

1 Michigan State University, East Lansing, MI, USA, ,2University of Wisconsin, Madison, WI, USA,  3Iowa State University, 
Ames, IA, USA, 4University of Florida, Gainesville, FL, USA, 5USDA-ARS, Beltsville, MD, USA 

 
ABSTRACT: Genetic improvement of feed efficiency (FE) 
in dairy cattle requires greater attention given increasingly 
important resource constraint issues. A commonly used 
measure of FE in dairy cattle is residual feed intake (RFI); 
however, the use of RFI may be limiting for a number of 
reasons, including differences in recording frequencies 
between various component traits of RFI and potential 
differences in genetic versus non-genetic relationships 
between traits.  We propose an alternative multiple-trait 
modeling strategy that exploits the Cholesky decomposition 
(CD) to provide a potentially more robust measure of FE.  
We assessed both approaches by simulation as well as by 
application to 23,770 mid-lactation weekly records on 
1,967 cows from a dairy feed efficiency consortium study 
involving 7 different research stations within US. Although 
the CD model fared better than the RFI approach when 
simulated genetic and non-genetic associations between dry 
matter intake and component traits were substantially 
different from each other, there were no meaningful 
differences in predictive performance between the two 
models on application to the consortium data. 
Keywords: Feed efficiency; Residual feed intake; Cholesky 
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Introduction 
 

Feed is typically the largest variable cost in dairy 
production; hence genetic strategies to improve feed 
efficiency (FE) or the ability to convert feed nutrients into 
milk is important. Because proportionately more nutrients 
are directed into milk production with less manure and 
methane excreted as FE increases (Richardson and Herd 
(2004)), FE also represents an environmental sustainability 
issue.  

An increasingly popular measure of FE is residual 
feed intake (RFI) which is defined as the difference 
between actual and predicted feed intake based on 
requirements for production and maintenance (Koch et al. 
(1963)).  Typically, RFI analyses is based on a two-stage 
modeling approach. In the first stage, dry matter intake 
(DMI) is modeled as a linear function of key energy sinks 
plus other fixed or random (non-animal) effects that 
potentially influence DMI; i.e.,   

 
1 L 2 3DMI NE MBW BW R FIb b b other effects= + + ∆ + ++µ    [1] 

 
Here μ represents the overall mean whereas net energy for 
lactation (NEL) is derived from milk, fat, protein, and 
lactose yields using an expression from (NRC (2001)). 
Metabolic body weight (MBW) is defined as body weight 
(BW) to the power of 0.75, whereas body weight change 
(∆BW) is the average daily change in body weight over the 
period of time for the recorded DMI. Furthermore, b1, b2, 

and b3 are partial regression coefficients on the 
corresponding energy sinks whereas RFI is merely the 
estimated residual from Model [1].  RFI is then typically 
treated as the response variable in a second stage 
quantitative genetic model: 
 

RFI *   RFI RFIu other animal effects eµ= + ++
                   [2] 

 
 where µ* is an overall mean, uRFI is the animal genetic 
merit of RFI (i.e. { } ( )2~ ,u 0 ARFI RFI uu σ= ) for A being the 

numerator relationship matrix, whereas other animal effects 
may include permanent environmental effects (if there is 
more than one record per animal) and eRFI is a 
corresponding residual such that ( )2~ 0,

RFIRFI ee NIID σ . 

 Conceptually, Models [1] and [2] could be 
combined together as one model, thereby reinforcing that 
RFI is really an adjusted DMI. In fact, analyses based on a 
single-stage model may be desired if effects in Model [1] 
are not orthogonal to effects in Model [2] (e.g., nonrandom 
association of genetic merit with contemporary groups).  In 
the context of single records per animal, the heritability of 
FE would be defined as ( )2 2 2 2/

RFI RFI RFIRFI u u eh σ σ σ= + ; otherwise, 

the denominator may include variances of permanent 
environmental effects as well. 

However, RFI based on either a single stage or two 
stage modeling approach is fraught with additional 
challenges.  If any of the energy sink covariates (NEL, 
MBW, ∆BW) are missing for a particular record, the 
corresponding record cannot be used to derive a RFI.  
Missing values are inherently common given that different 
sampling frequencies on different traits might be 
anticipated, depending upon recording systems and labor 
support.  Finally, it’s been well established that the 
presence of any genetic and residual correlations between 
DMI and the various energy sinks might distort heritability 
estimates for RFI (Kennedy et al. (1993)).  For these and 
several other reasons, some investigators have gravitated 
towards multiple trait analyses involving DMI rather than 
on focusing on RFI per se (Veerkamp et al. (2013)) . 

Given these limitations of RFI but, nevertheless, an 
inherent desire to meaningfully characterize FE beyond a 
selection index involving DMI, we propose yet an 
alternative multiple trait modeling strategy of DMI jointly 
with key energy sink traits (NEL, MBW) based on a 
modified Cholesky decomposition of genetic and non-
genetic variance-covariance matrices between the various 
traits. Our objective is to present this model and compare 
inference based on this model to the classical RFI strategy 
using simulation and application to a research consortium 
dataset. 

 



 
 

Materials and Methods 
 

Model. Our proposed strategy for characterizing FE 
is based on the square root free or modified Cholesky 
decomposition (Pourahmadi (2007); Bello et al. (2010)). 
We applied this decomposition on each variance-covariance 
matrix (e.g., genetic and residual) partition in a multiple 
trait model analysis on DMI and two key energy sink traits 
(i.e., NEL and MBW).  We prefer to keep BW∆  as a 
covariate for DMI, in part due to its seemingly very low 
heritability and greater relative variability (i.e., potential 
measurement error) and heterogeneity thereof (between 
stations) compared to the other traits.  

We write the linear mixed model for NEL, MBW, 
and DMI, in that specific order.  We momentarily assume 
one record per animal such that the model can be written as: 

 
y = X β + Z u + ei i i i                        [3] 

 
where [ ]1 2 3 'y i i i iy y y=  is the vector of responses for 
the three traits on animal i, i=1,2,3,…,n. Here

[ ]1 2 3' ' ' 'β β β β=  is the vector of fixed effects ordered by 
animals within traits with corresponding known incidence 
matrix Xj, whereas [ ]1 2 3' ' ' 'u u u u=  denotes the vector 
of animal genetic effects ordered by animals within traits 
for Zi being the corresponding incidence matrix.  

Suppose that we reorder u by traits within animals 
as ' ' ' '

.1 .2 .3 . 'q =  u u u u u  with [ ]. 1 2 3 'i i i iu u u=u
, representing the genetic merit for each of the three traits 
on animal i.  We write  ( ).var u Gi i= ∀ for the three traits 

such that ( )var u A G= ⊗  across q > n animals where q 
also counts ancestors without records.  Similarly, we write 

( )var e Ri i= ∀ .  
A Cholesky decomposition (CD) on G effectively 

involves the following reparameterization of genetic effects 
for the three traits: 

1 1i iu u=                                    [4a] 
( )

2 21 1 2|1
u

i i iu u uφ= +                                   
[4b] 

( ) ( )
3 31 1 32 2 3|1,2

u u
i i i iu u u uφ φ= + +                    [4c] 

or jointly together as ( )u T u δ u
i u i i= + where Tu is a lower 

triangular matrix with unitary diagonals and non-zero 
elements ( )

21
uφ , ( )

31
uφ ,  and ( )

32
uφ  whereas 1 2|1 3|1,2, , 'i i iu u u   are 

normally and independently distributed effects with 
diagonal (co)variance matrix 

1 2|1 3|1,2

2 2 2Δu u u udiag σ σ σ 
 = . 

That is, it can be readily shown that 
1 1( ) ( ) 'G I T I Tu u u

− −= − ∆ − .  With DMI specified as Trait 3 

in this multiple trait sequence, 
3|1,2

2
uσ is the genetic variance 

for DMI conditional on the genetic effects of NEL and 

MBW. As a corollary then, 3|1,2iu  represents the genetic 
merit for animal i of DMI conditional on the genetic effects 
of NEL and MBW (i.e., DMI| NEL &MBW) for animal i. It 
is this term that we propose as an alternative measure for 
genetic merit of FE. Negative values for 3|1,2iu  indicate the 
cow has favorably above average genetic merit for 
converting DMI into NEL and MBW; i.e., 

{ } ( )3|1,2

2
3|1,2 3|1,2 ~ ,u 0 Ai uu N σ= . 

The residuals for the three traits on animal i can be 
similarly written such that  

 1 1i ie e=                                    [5a] 
( )

2 21 1 2|1
e

i i ie e eφ= +                                     [5b] 
( ) ( )

3 31 1 32 2 3|1,2
e e

i i i ie e e eφ φ= + +                                 [5c] 
In other words, 3|1,2ie is the residual for DMI conditional on 
the NEL and MBW; thereby representing a non-
reproducible measure of FE with ( )

3|1,2

2
3|1,2vare jeσ = . In 

essence, the heritability measure for FE based on the 
proposed approach is ( )3|1,2 3|1,2 3|1,2

2 2 2 2
3|1,2 /u u eh σ σ σ= + . 

 
CD vs. Classical RFI approach. It can be 

analytically demonstrated that the classical RFI approach 
leads to virtually the same quantitative genetic inferences 
for genetic merit prediction and estimation of heritability on 
FE as the multiple trait CD approach advocated here, 
provided the following conditions are met: ( ) ( )

31 31 31
u eφ φ φ= =  

and ( ) ( )
32 32 32

u eφ φ φ= = .  If so, it could then be analytically 
demonstrated (results not shown) that b1 = 31φ  and b2 = 32φ , 
referring back to Equation [1], such that uRFI = u3|1,2 and  

2 2
3|1,2RFIh h= .  For example, the classical RFI approach 

specifies the partial relationships between DMI and NEL 
and MBW at one phenotypic level only (e.g. b1) whereas 
the CD specifies these relationships separately at the 
genetic and residual levels (e.g., ( )

31
uφ  and ( )

31
eφ ) or any other 

levels (e.g. permanent environment, herd) as modeled. If 
these relationships are the same at all such levels, the RFI 
and CD approaches lead to virtually identical inferences. 

 
Simulation study comparison. We further explored 

the relationships between these two strategies (CD vs RFI) 
based on a 162-run central composite response surface 
design simulation study. DMI, NEL, and MBW were 
simulated based on a multivariate mixed animal model with 
R and G based on various specifications for

( ) ( ) ( ) ( ) ( ) ( )
21 21 31 31 32 32, , , , ,u e u e u eφ φ φ φ φ φ , and 2

3|1,2h centered around 
estimates derived from a preliminary analysis of research 
consortium data (described later); furthermore, sample 
sizes, the design structure and the pedigree structure in the 
simulation were based on the same data except that only 
one record per trait was simulated per animal. CD vs. RFI 
model comparisons were based on accuracy of genetic 
prediction (correlation between true and estimated breeding 
values). 

 



Data application: DMI, BW, milk yields, and fat, 
protein and lactose milk components were collected from 
Holstein cows from seven different research stations (Iowa 
State University, Purina Animal Nutrition Center, Michigan 
State University, University of Florida, University of 
Wisconsin-Madison, USDA Forage Research Center, 
USDA Animal Improvements Program Laboratory).  These 
data were used to create weekly records on NEL, MBW and 
∆BW as previously described.  

A total of 23,770 weekly records from 50 to 200 
days in milk on 1,967 cows were used. Two generation 
pedigrees on all animals were available as well.  We used 5-
fold cross-validation to compare the relative goodness of fit 
of the two different approaches for predicting DMI in the 
validation data. 

 
Analysis: All analyses were conducted using either 

the proposed CD or the single step RFI approach and the 
models previously described. The only modeling exception 
with the dairy data was that permanent environmental 
effects were additionally modeled, given that each cow had 
multiple records, as well as other key terms (i.e., 
polynomial on Day in milk, contemporary groups).  
Estimates of variance components, heritabilities, and partial 
relationships at both genetic and non-genetic levels were 
obtained by ASREML based on using the “ANTE” 
specification options available for variance-covariance 
matrices (Gilmour et al. (2009)), thereby readily facilitating 
our proposed CD approach.  

 
Results and Discussion 

 
Simulation study. Under the scenario where

( ) ( )
31 31

u eφ φ= and ( ) ( )
32 32

u eφ φ= , regardless of the discrepancies 
between ( )

21
uφ and ( )

21
eφ , accuracies of predictions using ûRFI  

and 3|1,2û  were nearly identical. Conversely, 3|1,2û had up to 
4% greater accuracy (P<0.01) compared to ûRFI when 

( ) ( )
31 31

u eφ φ≠ or ( ) ( )
32 32

u eφ φ≠ , particularly when these 
discrepancies were wide;  i.e., ( ) ( )

31 310.2, 0.6u eφ φ= =  or
( ) ( )
31 310.6, 0.2u e= =φ φ .  

 
Analysis of dairy data. Heritability estimates were 

very similar between the two approaches (
2
3|1,2

ˆ 0.12 0.03h = ±  vs. 2ˆ 0.14 0.04RFIh = ± ).  Under the CD 
approach, estimates of the partial efficiencies for DMI|NEL 
at the genetic and residual levels were ( )

31
ˆ 0.35 0.06eφ = ±

and ( )
31
ˆ 0.50 0.01uφ = ±  versus 1̂ 0.36 0.004b = ± from the 

classical RFI analysis whereas estimates of partial 
efficiencies for DMI|MBW were ( )

32
ˆ 0.06 0.02eφ = ± and 

( )
32
ˆ 0.13 0.04uφ = ±  vs 2̂ 0.081 0.003b = ± . The greater the 

agreement between estimates within each of the two 
triplets, the greater the expected agreement between ûRFI

and 3|1,2û .  Cross-validation performance (P > 0.05) was not 
different between the two approaches. Again, this result 
might be attributed to relatively minor discrepancies 
between ( )

31
ˆ eφ , ( )

31
ˆ uφ  and 1̂b and between ( )

32
ˆ eφ , ( )

32
ˆ uφ  and 2̂b . 

The estimated correlation between ûRFI and 3|1,2û  was 0.92. 
 

Conclusions 
 

In this study, an alternative strategy based on a 
modified CD for modeling FE in dairy cattle was proposed 
as an alternative to the more conventional RFI approach. 
Both strategies were further studied and compared using 
simulation and application to preliminary data from a 
research consortium. Even though our results do not 
suggest any practical advantage of our proposed approach 
over the more conventional RFI strategy, we believe it is 
useful to continue to pursue for several reasons.  Firstly, we 
arbitrarily summarized all of our traits to a common period 
(i.e., weekly) standard even though recording frequencies 
did not only differ between traits within research stations, 
they also differed between research stations for the same 
traits.  As the CD approach facilitates missing data, it would 
have better respected these differences in recording 
frequencies.  Furthermore, it may be possible that partial 
efficiencies may not only differ between genetic and 
residual levels but also at ration or herd levels (i.e., Bello et 
al., (2010)) whereas the classical RFI approach assumes a 
common partial relationship at all such levels.  This remains 
an area for active research.  
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