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ABSTRACT: The aim of this study was to identify a rapid 
and inexpensive method of predicting feed efficiency of 
lactating cows. Morning and evening milk samples were 
analyzed using mid-infrared (MIR) spectroscopy and the 
resulting spectrum (from the morning, evening or 
combination of spectra from morning and evening milk) 
was used to predict residual feed intake (RFI), energy 
balance (EB) and energy intake (EI) in 378 Holstein-
Friesian grass-fed cows. The correlation between true and 
predicted RFI, EB and EI was 0.59, 0.68 and 0.55, 
respectively. Each prediction equation was subsequently 
applied to 124,182 spectral records from lactating dairy 
cows and genetic parameters of true and predicted traits 
estimated. The heritability of true and predicted RFI was 
0.10 (se=0.05) and 0.06 (se=0.01), respectively. The genetic 
correlation between true and predicted RFI, EB and EI was 
0.78 (se=0.15), 0.61 (se=0.15) and 0.64 (se=0.14), 
respectively. 
Keywords: Mid-infrared spectroscopy; Residual feed 
intake; Energy balance 
 

Introduction 
 

Residual feed intake (RFI) is a commonly used 
indicator of feed efficiency in growing beef animals and is 
considered as the difference between actual energy intake 
(EI) and the EI expected based on the animal performance 
(Berry and Crowley, (2013)). However lactating dairy cows 
have additional energy sinks which influences body lipid 
and protein masses, particularly in early lactation. 
Therefore RFI in dairy cows may be defined as the 
difference between actual EI and the energy demanded and 
supplied by the various energy sinks and reservoirs (e.g., 
body lipid).  

Despite their potential importance, feed intake and 
RFI have been precluded from national breeding goals, 
predominantly due to the expense and difficulty of 
obtaining the large numbers of records of feed intake 
required to generate accurate estimates of genetic merit of 
either feed intake or RFI. A low-cost, easy to measure 
predictor of either feed intake or RFI would provide a 
potential solution. McParland et al. (2012) reported that the 
mid-infrared (MIR) spectrum of milk is associated with 
both EI and energy balance (EB). Because EB can be 
mathematically equivalent to RFI if differences in body 
mass changes are zero or simply not considered in the 
calculation of RFI (Berry and Crowley, (2012)), we 
hypothesized that milk MIR could also be used to predict 
individual cow RFI. The objective of the present study was 
to quantify the ability of MIR spectra of individual cow 
milk samples to predict EI, EB, and RFI and to quantify the 
genetic parameters of true values (measured from actual 

intake records), and the respective values predicted from 
the MIR spectrum. Since milk MIR is routinely available on 
all milk-recorded animals at no additional cost, if prediction 
of EI, EB or RFI from milk MIR was successful, the results 
from this study could be used in breeding programs to 
achieve genetic gain in feed efficiency in lactating dairy 
cows.  

 
Materials and Methods 

 
Data. Data were collated from a range of grass 

based studies undertaken at the Teagasc Animal and 
Grassland Research and Innovation Center, Moorepark, Co. 
Cork, Ireland between the years 2008 to 2013, inclusive. 
Individual cow DMI was periodically recorded at grass 
using the n-alkane technique and fecal grab samples (Dillon 
and Stakelum, (1989)). A subset of cows were housed 
indoor during early lactation and were fed a total mixed 
ration diet of maize silage, grass silage, soya, and dairy 
concentrate; intake during housing was measured 
electronically (Griffith Elder and Co. Ltd., Suffolk, 
England). Cows were milked twice daily at 07:00 (AM) and 
15:00 (PM) and individual cow milk yield was recorded at 
each milking. Individual cow milk samples were taken on 
consecutive evening and morning milkings once weekly 
and were analyzed using an MIR spectrometer (Foss 
MilkoScan FT6000, Hillerod, Denmark). Body weight 
(BW) of all cows was recorded weekly. Body condition 
score (BCS) was assessed every two to three weeks on a 
scale of one to five by trained scorers. Cubic splines with 
six knot points at 20, 70, 120, 170, 220 and 270 days in 
milk (DIM) were fitted through individual test-day records 
of BW and BCS with a covariance structure fitted among 
knot points. Body-weight and BCS at each DIM was 
interpolated from the fitted splines. Forward differencing 
was used to estimate daily BW change and BCS change for 
each DIM. For comparative purposes true EB was 
calculated as the difference between EI and energy 
expended through milk production and maintenance 
according to the effective energy methodology of Banos 
and Coffey (2010). Milk yield, fat, protein, and lactose 
concentration as well as BW, BCS, BW change and BCS 
change on test-days that had a corresponding MIR record 
and EI record were retained for prediction equation 
development. 

 Milk spectral data from both AM and PM milkings 
were retained from cows across nine research herds 
between 2008 and 2013, inclusive. A principal components 
analysis to compare spectral data used for equation 
development and spectral data used for equation application 
was undertaken and outlier spectral data were removed 
based on a visual assessment of the first two principal 



components. Furthermore, spectral data obtained from cows 
less than 5 DIM and greater than 305 DIM were removed.  

 Following edits, 1,535 AM and 1,335 PM spectral 
records from 535 lactations on 378 cows were available for 
prediction equation development. A further 124,182 spectra 
with no associated RFI, EB or EI phenotype were available 
for prediction equation application. 

 Computation of residual feed intake. True RFI 
for test-day i was calculated as: 

RFIi = EIi – (∑ DIM2
𝑛=1

n + Milki + Fati + Proteini + Lactosei 
+ BWi

0.75 + BCSi + BWi
0.75 * BCSi + ∆BWi-1,i + ∆BCSi-1,i + 

∆BWi-1,i * ∆BCSi-1,i),  

Where RFIi is residual feed intake on day i, EIi = effective 
energy intake on day i, DIM is days in milk, Milki is milk 
yield on day i, Fati is milk fat yield on day i, Proteini is milk 
protein yield on day i, Lactosei is milk lactose yield on day 
i, BWi

0.75 is metabolic live-weight (i.e., BW0.75) on day i, 
BCSi is body condition score on day i, ∆BWi-1,i is change in 
BW from day i-1 to day i, and ∆BCSi-1,i is change in body 
condition score from day i-1 to day i. No multi-collinearity 
existed in the model.  

 Prediction equations. Partial least squares 
regression (Proc PLS; SAS Institute Inc., Cary, NC) was 
used to predict RFI, EB and EI from a subset of 
wavelengths of the MIR linear absorbance spectral data. 
Three models were tested: 1) AM spectra only were used as 
predictor variables, 2) PM spectra only were used as 
predictor variables and 3) AM and PM spectra were used 
jointly as predictor variables. All models were tested using 
external validation whereby the data were sorted by the 
variable to be predicted and every eight record was 
removed from the calibration dataset and retained for use in 
external validation. All records from cow-lactations 
originally selected for the validation dataset were included 

in the external validation dataset and thus not used to 
calibrate the prediction equation. Hence the external 
validation dataset was an independent group of animals to 
the calibration dataset.  Between 30% and 33% of the entire 
data set were retained for external validation (Table 1). 
Additionally, all models were tested using split-sample 
cross validation where every 20th observation was removed 
from the calibration and predicted using information from 
data remaining in the calibration data set, iteratively, until 
every sample had been predicted once. Model 3 (i.e. AM 
and PM spectra used jointly as predictors) was used to 
predict RFI, EB and EI of all additional spectra 
(n=124,182). 

Estimation of genetic parameters. Only 
predicted RFI, EB and EI values within the range of values 
in the calibration dataset (i.e., between -100 and +100 
MJ/day, -150 and +150 MJ/day and 100 to 250 MJ, 
respectively) were retained. Season of calving was defined 
with two classes; calving dates between the 15th December 
and 30th June, inclusive, and calving dates after the 30th 
June. Following all edits, 111,852, 113,013 and 99,788 
predicted values of RFI, EB and EI were available for 
analysis. A pedigree file spanning four generations was 
generated.  

(Co)variance components were estimated using a 
series of univariate and bivariate repeatability animal linear 
mixed models. The dependent variables were either true or 
predicted EB, RFI, and EI. Fixed effects in the model were 
research farm of sample origination (n=9), breed of cow 
(n=4; Holstein-Friesian, Jersey, Norwegian Red, 
Normande/Montbelliarde), year-by-season of calving 
(n=12), month of record (n=12), cow parity (1,2,3,4,5+) and 
DIM was the continuous effect of days in milk. A direct 
additive genetic (with relationships) and animal permanent 
environmental effect were included in the model as random 
effects.

 

Table 1. Fitting statistics* from cross and external validation of equations to predict residual feed intake (RFI), 
energy balance (EB) and energy intake (EI)  

 
Cross Validation 

 
External Validation 

Trait No. Recs RMSE R 
 

No. Recs Bias RMSE Slope (SE) R 
Morning milk 

       RFI 1032 25.27 0.50 
 

499 -0.16 26.48 0.93(0.08) 0.48 
EB 1036 24.71 0.71 

 
495 -0.39 26.66 0.69(0.04) 0.62 

EI 1026 28.57 0.64 
 

505 3.26 29.75 0.84(0.05) 0.60 
Evening milk 

       RFI 936 22.63 0.60 
 

399 -1.9 23.88 0.88(0.06) 0.58 
EB 929 24.55 0.68 

 
406 -2.3 23.73 0.79(0.05) 0.65 

EI 930 27.76 0.65 
 

405 -1.53 28.49 0.91(0.05) 0.64 
Two spectra in the model 

      RFI 936 22.14 0.62 
 

399 -1.23 23.53 0.89(0.06) 0.59 
EB 929 23.38 0.71 

 
406 -1.83 22.79 0.81(0.04) 0.68 

EI 934 27.06 0.67 
 

401 -0.08 31.01 0.58(0.04) 0.55 
*RMSE=root mean square error; R=correlation between true and predicted values 
 

  



Results and Discussion 
 

Estimates of true RFI, EB and EI were available 
from day 6 to day 277 post-calving; 47% of records were 
obtained from cows less than 100 DIM. Mean true 
(n=1,335) and predicted values (n≥99,788; SD in 
parenthesis) of RFI, EB and EI were similar and were -2.9 
(27.9) and -2.5 (30.7) MJ/day, 52 (35) and 60 (30) MJ/day, 
and, 182 (36) and 189 (30) MJ, respectively.  

The fit statistics from both cross validation and 
external validation of the three models tested are 
summarized in Table 1. When compared to predictions 
made using AM samples, the correlation between true and 
predicted values for all traits was stronger than when 
predictions were made using PM milk samples; however 
the bias between true and predicted RFI and EB was greater 
when predicted from the PM samples. The slope between 
true and predicted values of RFI was not different from one, 
regardless of the prediction model employed. Model 3 
where both AM and PM spectra were used as predictors 
provided the most accurate predictions of RFI and EB, 
however slightly under-predicted all traits.  

Overall the prediction equations were moderately 
accurate. However given the potential for noise in the 
calculation of all “gold standard” traits considered in this 
study, extremely high accuracies of prediction will be 
difficult to achieve. The accuracy of predicting EB in this 
study was similar to the accuracy obtained by McParland et 
al., (2012) where they predicted EB using a subset of this 
data set. 

The heritability estimates of true RFI, EB or EI 
were higher than the estimates of predicted traits; however 
they had large associated standard errors (Table 2) which is 
likely to be due to the small data set available. The 
heritability of the predicted traits ranged from 0.06 (SE = 
0.01) for RFI to 0.15 (SE = 0.01) for EB and were in the 
range of previous estimates of heritability of true values of 
RFI and EB (Banos and Coffey, (2010); Berry and 
Crowley, (2013)). The phenotypic and genetic correlations 
between all true values, between all predicted values, and 
between true and predicted values of the same trait are in 
Table 3 and 4, respectively. Phenotypic correlations 
between true and predicted values were stronger than the 
correlations reported for the prediction models since the 
former correlations were adjusted for systematic 
environmental effects. Genetic correlations between true 
and predicted traits were stronger than their respective 
phenotypic correlations. The genetic correlations between 
true and predicted RFI was 0.78 (SE=0.15) which indicates 
that selecting for improved predicted RFI will improve true 
RFI. The genetic correlation between true EB and RFI was 
0.85 (i.e., superior RFI is associated with greater negative 
energy balance); the corresponding genetic correlation for 
predicted values was 0.81.  

 
 

Table 2. Heritability (SE) of residual feed intake, energy 
balance and energy intake, calculated from data (true) 
and predicted from the mid-infrared spectrum 
(predicted) 

  True  Predicted 
Residual feed intake 0.10(0.05) 0.06(0.01) 
Energy balance 0.14(0.07) 0.15(0.01) 
Energy intake 0.15(0.08) 0.14(0.01) 

 
 
Table 3. Phenotypic correlation (SE) between true 
values (above diagonal), predicted values (below 
diagonal) and between true and predicted values 
(diagonal) of residual feed intake (RFI), energy balance 
(EB) and energy intake (EI) 

  RFI EB EI 
RFI 0.67(0.02) 0.78(0.01) 0.78(0.01) 
EB 0.79(0.00) 0.55(0.02) 0.87(0.01) 
EI 0.87(0.00) 0.81(0.00) 0.60(0.02) 

 
 
Table 4. Genetic correlation (SE) between true values 
(above diagonal), predicted values (below diagonal) and 
between true and predicted values (diagonal) of residual 
feed intake (RFI), energy balance (EB) and energy 
intake (EI) 

  RFI EB EI 
RFI 0.78(0.15) 0.85(0.13) 0.83(0.11) 
EB 0.81(0.02) 0.61(0.15) 0.95(0.06) 
EI 0.88(0.02) 0.80(0.02) 0.64(0.14) 

 
 

Conclusion 
 
These results indicate that MIR spectrometry may 

be effective to predict EI, EB and RFI. The strong genetic 
correlation between true RFI and RFI predicted from the 
MIR spectrum indicates that genetic selection based on 
MIR predicted RFI will improve RFI, however since RFI is 
strongly correlated with EB, selection on RFI will be 
deleterious to EB.  
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