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  ABSTRACT 

  Cow energy balance is known to be associated with 
cow health and fertility; therefore, routine access to 
data on energy balance can be useful in both manage-
ment and breeding decisions to improve cow perfor-
mance. The objective of this study was to determine if 
individual cow milk mid-infrared spectra (MIR) could 
be useful to predict cow energy balance across con-
trasting production systems. Direct energy balance was 
calculated as the differential between energy intake and 
energy output in milk and maintenance (maintenance 
was predicted using body weight). Body energy con-
tent was calculated from (change in) body weight and 
body condition score. Following editing, 2,992 morn-
ing, 2,742 midday, and 2,989 evening milk MIR records 
from 564 lactations on 337 Scottish cows, managed in a 
confinement system on 1 of 2 diets, were available. An 
additional 844 morning and 820 evening milk spectral 
records from 338 lactations on 244 Irish cows offered 
a predominantly grazed grass diet were also available. 
Equations were developed to predict body energy 
status using the milk spectral data and milk yield as 
predictor variables. Several different approaches were 
used to test the robustness of the equations calibrated 
in one data set and validated in another. The analyses 
clearly showed that the variation in the validation data 
set must be represented in the calibration data set. The 
accuracy (i.e., square root of the coefficient of multiple 
determinations) of predicting, from MIR, direct energy 
balance, body energy content, and energy intake was 
0.47 to 0.69, 0.51 to 0.56, and 0.76 to 0.80, respectively. 
This highlights the ability of milk MIR to predict body 
energy balance, energy content, and energy intake with 
reasonable accuracy. Very high accuracy, however, was 
not expected, given the likely random errors in the cal-
culation of these energy status traits using field data. 

  Key words:    dairy ,  energy balance ,  infrared spectrum , 
 prediction 

  INTRODUCTION 

  In early lactation in particular, dairy cattle, like all 
other mammals, mobilize body fat reserves to meet the 
energy demand of, among other processes, lactogenesis. 
When energy intake is less than energy output, the ani-
mal is in negative energy balance. Negative energy bal-
ance is a particular problem in high-yielding dairy cows 
in early lactation because they are unable to ingest 
sufficient dietary energy to meet the energy demanded 
to fulfill the milk production level of which they are 
genetically capable. Consequently, health and fertility 
are compromised (Dillon et al., 2006). 

  Energy balance or a suitable measure of body energy 
status would be useful in multi-trait genetic evaluations 
as a heritable indicator of genetic merit for health and 
fertility in dairy cows. However, to date, no country 
directly includes body energy status in national genetic 
evaluations. This is most likely due to the expense, 
difficulty, and therefore unfeasibility of collecting data 
on body energy status, particularly energy intake data, 
on sufficiently large numbers of animals. Methods of 
modeling body energy status without a requirement for 
data on feed intake across lactation have been proposed 
(Banos and Coffey, 2010). Such methods, however, re-
quire routine information on BCS and BW, which is 
still not feasible on a large number of commercial farms. 

  Recently, the mid-infrared (MIR) spectrum of milk 
was proposed as an indicator of body energy status in 
Holstein cows (McParland et al., 2011). Mid-infrared 
spectrometry is the method of choice worldwide for 
routine quantification of milk fat, protein, and lactose 
content of milk samples taken during milk testing. 
Thus, given the relatively high accuracy of predic-
tion of energy status reported (up to 75%; McParland 
et al., 2011), the MIR spectrum of milk could be a 
useful and routinely available cow management tool. 
However, the equations presented by McParland et al. 
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(2011) to predict body energy status using milk MIR 
spectrometry were developed using data from a single 
research herd, albeit with 2 contrasting experimental 
dietary treatments differing in the level of concentrate 
offered. McParland et al. (2011) clearly showed that 
for equations to predict energy status accurately, the 
variation present in the validation data set must be 
representative of that in the calibration data set. The 
objective of the present study, therefore, was to further 
test the usefulness of the MIR spectrum of milk to pre-
dict body energy status across independent populations 
of indoor-fed versus grazing Holstein-Friesian dairy 
cows in the UK and Ireland, respectively.

MATERIALS AND METHODS

Data Sets

Two separate data sets were used in this study: (1) 
data from the Scottish Agricultural College Langhill 
dairy herd currently stationed at Crichton Royal Farm, 
Dumfries, Scotland (SAC); and (2) data from an Irish 
dairy research institute comprising 4 research herds, 
located at the Teagasc Animal and Grassland Research 
and Innovation Center, Moorepark, Co. Cork, Ireland 
(MPK).

The SAC data set comprised 1,218 cows from 2 ge-
netically divergent lines of Holsteins, one control line 
selected to be the national average for milk fat plus 
protein yield, and the other line selected to be of high 
genetic merit for milk fat plus protein yield (Pryce et 
al., 1999). All SAC animals were divided into 2 dietary 
treatments: high concentrate (SAC-HC) and low 
concentrate (SAC-LC; Pryce et al., 1999). The MPK 
data set comprised 1,586 animals of differing strains 
of Holstein-Friesian (strains described by Coleman et 
al., 2010) on a predominantly grazed grass diet (diet 
described by Kennedy et al., 2008), with periodic con-
centrate supplementation.

Production Data

Performance data were available on 3,383 lactations 
from SAC and on 5,057 lactations from MPK between 
the years 1990 and 2010, inclusive. Before 2002, SAC 
cows were milked twice daily at 0400 and 1600 h. From 
2002 onward, milking was undertaken 3 times daily: 
0415 h (SAC-AM), 1245 h (SAC-MD), and 1945 h 
(SAC-PM), and total daily and weekly average milk 
yields were recorded. Individual daily DMI was recorded 
during lactation using Calan gates (American Calan, 
Northwood, NH) for 3 successive days, followed by 3 
d of no measurement. Body weight was recorded using 
automatic weighing scales 3 times per day following 

milking and averaged to a weekly BW value. Body con-
dition score was assessed by the same operator weekly, 
using a scale of 0 to 5 with 0.25-point intervals, where 
0 is emaciated and 5 is obese (Lowman et al., 1976).

The MPK cows were milked twice daily at 0700 h 
(MPK-AM) and 1500 h (MPK-PM). Milk yield was 
recorded at each milking and summed to a daily milk 
yield. Body weight was recorded weekly on all MPK 
animals using a weighing scale following milking. In-
dividual DMI was periodically recorded at grass using 
the n-alkane technique (Dillon and Stakelum, 1989) up 
to 12 times across lactation. Details on the technique 
are provided elsewhere (Kennedy et al., 2008). Body 
condition score was assessed weekly on a scale of 1 to 
5 (Edmonson et al., 1989) by trained scorers and, in 
this study, was rescaled to the 0 to 5 BCS scale used 
on SAC cows.

In both research centers, milk fat and protein con-
tents were recorded weekly. Age at calving was defined 
within parity and country as a class variable (n = 3) 
with animals classed as (1) less than, (2) greater than, 
or (3) within 1 standard deviation of the median age 
at calving.

Two separate seasons of calving were defined for 
SAC and MPK animals. The SAC animals calve all 
year round; thus, the 2 seasons of calving were defined 
as February to August (inclusive) and September to 
January (inclusive). All MPK animals were spring calv-
ing; thus, season of calving was defined as January to 
February (inclusive) and March to June (inclusive).

Computation of Body Energy Status

Random regression models were fitted in ASReml 
(Gilmour et al., 2006), within parity, through the rou-
tine measures of milk yield, milk fat, and protein con-
tent, BW, and BCS. Data sets from each country were 
handled separately. Random regression models were 
fitted through routine measures of DMI in the SAC 
data set only. Random regression solutions were not 
generated for DMI of MPK animals because DMI was 
recorded only periodically on MPK animals throughout 
lactation. Thus, energy status, described later, was 
computed for MPK animals only during periods of lac-
tation where true DMI was recorded.

The fitting of the random regression models to the 
SAC data was already described in detail by McPar-
land et al. (2011), and a similar approach was taken 
when fitting random regression models to the MPK 
data. All random regression models included the fixed 
effects year of calving-by-season of calving, age at calv-
ing, year of record-by-month of record, and a fourth-
order orthogonal polynomial on days postcalving, 
and the random effect of the interaction of cow by a 
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fourth-order orthogonal polynomial on days postcalv-
ing. Random regression models fitted to the SAC data 
included the additional fixed effects of genetic line and 
feeding treatment. Random regression models fitted to 
the MPK data included the additional fixed effect of 
research herd (n = 4). Six measurement error classes 
were fitted for days in milk (4 < DIM ≤ 10, 10 < 
DIM ≤ 50, 50 < DIM ≤ 150, 150 < DIM ≤ 200, 200 
< DIM ≤ 250, 250 < DIM). Daily solutions from each 
random regression model were visually compared with 
the actual data collected for each trait and 10 MPK 
and 19 SAC cow-lactations were discarded from the 
analysis because of poor concordance between the ac-
tual recorded data and the predicted values from the 
random regression models. All performance records 
from d 5 to 305 of lactation for animals in parities 1 
to 4 were retained for analysis. Data on 811,888 SAC 
test-days and 1,409,100 MPK test-days were available 
to compute body energy status.

Two separate measures of body energy status were 
computed for each day postcalving using the energy 
system outlined by Emmans (1994). The measures con-
sidered were (1) energy balance (Direct_EB; MJ/d), 
a function of milk yield, milk fat and protein contents, 
DMI, BW, and BCS; and (2) body energy content (EC; 
MJ), a function of BW and BCS predicting body lipid 
and protein weight. These measures were previously de-
scribed in detail (Banos and Coffey, 2010). Additional 
to Direct_EB and EC, the effective energy intake per 
day (EEI, MJ/d) was computed as a function of OM 
intake and its digestible CP and ME content (Banos 
and Coffey, 2010).

MIR Spectrum Data

From June 2008 to August 2011, individual MPK-
AM and MPK-PM milk samples from all MPK animals 
were analyzed weekly using an MIR spectrometer (Foss 
MilkoScan FT6000, Hillerød, Denmark) and the result-
ing spectra were stored. The Foss MIR spectrum con-
tains 1,060 data points that represent the absorption of 
infrared light through the milk sample at wavelengths 
in the 900 to 5,000 cm−1 region. Between September 
2008 and December 2010, monthly milk samples from 
the SAC-AM, SAC-MD, and SAC-PM milkings on 
a given day for all SAC cows were sent to Teagasc 
Moorepark in Ireland for analysis using the same MIR 
spectrometer.

Only spectral data with an actual phenotypic record 
for all traits of milk yield, milk fat and protein con-
tents, DMI, BW, and BCS within 14 d of the sampling 
date with MIR information were retained for analysis. 
These edits were undertaken to avoid any potential 

errors arising from extrapolation or interpolation be-
tween sampling dates with the random regressions. 
Following edits, 2,992 SAC-AM, 2,742 SAC-MD, and 
2,989 SAC-PM spectral records from 564 lactations on 
337 SAC cows were available. A subset of these data 
recorded between May 2008 and September 2010 were 
previously used by McParland et al. (2011) to predict 
energy status of Holsteins. An additional 844 MPK-AM 
and 820 MPK-PM spectral records from 338 lactations 
on 244 MPK cows were available. Fewer records were 
available from the MPK cows because of the periodic 
recording of DMI in MPK. The average number of 
spectral records per lactation was 5.3, 4.9, and 5.3 
for SAC-AM, SAC-MD, and SAC-PM milk samples, 
respectively, whereas the average number of spectral 
records per lactation was 2.5 and 2.4 for MPK-AM and 
MPK-PM milk samples, respectively.

Development of Prediction Equations

Partial least squares regression (Proc PLS; SAS In-
stitute Inc., Cary, NC) was used to predict Direct_EB, 
EC, and EEI from the MIR linear absorbance data. Pre-
dictors included a subset of wavelengths in the 1,022 to 
3,043 cm−1 range from the spectrum of 1,060 correlated 
wavelengths, together with milk yield; McParland et al. 
(2011) previously documented an increase in accuracy 
of prediction of body energy status when milk yield, 
which would be available at milk testing, was included 
in the prediction equation along with the MIR data.

Calibration and validation data sets were defined 
to develop and validate the prediction equations for 
Direct_EB, EC, and EEI, and the equations were 
developed using AM, MD (where available), and PM 
samples, separately. These equations were developed 
for use nationally, where, for the majority of milk 
samples, morning and evening samples are obtained 
and analyzed separately.

Six analyses were undertaken: (1) prediction equa-
tions were calibrated and externally validated within 
either the SAC or MPK research data set separately; 
(2) prediction equations were calibrated within the 
SAC data set and externally validated using the MPK 
data set; (3) the 2 research data sets were combined 
and the prediction equations calibrated and validated 
using the combined data set; (4) prediction equations 
were calibrated and validated using samples from early 
lactation (DIM <60) from the combined data set; (5) 
prediction equations were calibrated using samples 
from SAC-LC animals together with all MPK samples 
and were externally validated using samples from SAC-
HC cows; and (6) prediction equations were calibrated 
using samples from SAC-HC animals together with 
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all MPK samples and were externally validated using 
samples from SAC-LC cows.

The mean bias of estimation, the slope between 
true and predicted values, the root mean square error 
(RMSE), and the accuracy (i.e., square root of the 
coefficient of multiple determinations—the correlation 
between the true and predicted energy status; R) from 
the regression of true on predicted values of energy 
status were used to indicate the accuracy and robust-
ness of each set of prediction equations obtained from 
both cross-validation and external validation. External 
validation was undertaken to test the usefulness of the 
prediction equations on data independent of the cali-
bration data, thereby giving a truer reflection of the 
accuracy of prediction equations when used on a wider 
basis.

When the equations were calibrated and validated 
within the same research data set only (i.e., analysis 1 
above), the data were stratified according to 3 criteria: 
feeding treatment, genetic line, and season of calving 
for SAC animals, and research herd, stage of lactation 
(<100 or ≥100 DIM), and season of calving for MPK 
animals. Equations were calibrated using 75% of the 
data set within strata for each research data set and 
externally validated on the remaining 25%. This proce-
dure was iterated 4 times, each time using a different 
25% of the data until all data were externally validated 
once. No animal was present in both the calibration and 
validation data sets in a given iteration. Accuracy of all 
equations was quantified using both split-sample cross-
validation and external validation on the 4 calibration 
and validation data sets, respectively. In addition, when 
the equations were developed within each research data 
set separately, the results provided represent the aver-
age number of records used in the external validation 
and the average accuracy of external validation and 
cross validation from 4 iterations of calibration and 
validation within research data set. When the equa-
tions were calibrated and validated within the same 
research data set, the bias and slope reported represent 
the largest absolute bias and the poorest slope (i.e., the 
greatest absolute difference from 1) from the 4 itera-
tions of calibration and validation within the research 
data set.

Having the variation in the external validation data 
set represented in the calibration data set is necessary 
for a robust prediction equation (McParland et al., 
2011). Therefore, in the present study, when equations 
were calibrated and externally validated using com-
bined data from MPK and SAC animals, the data were 
sorted by each body energy status variable separately, 
and every fourth record was removed from the calibra-
tion data set for inclusion in the external validation 
data set.

RESULTS

Mean performance of SAC and MPK animals for 
Direct_EB (MJ/d), EC (MJ), EEI (MJ/d), and com-
ponent variables of Direct_EB including milk (kg), 
milk fat and protein contents (%), BCS (units), BW 
(kg), and DMI (kg of DM/d) are presented in Table 1 
for days coinciding with when MIR spectral data were 
available. The MPK cows had a lower milk yield but 
higher milk constituents than the SAC cows. The MPK 
animals also had lower BW than the SAC cows yet 
had slightly better BCS. On average, MPK cows were 
in greater Direct_EB than the SAC cows, despite the 
lower DMI of the MPK cows (Table 1, Figure 1).

Summary statistics for the predictive ability of the 
equations developed are provided in Tables 2, 3, and 
4 for when calibration and validation were undertaken 
within each research data set (Table 2), across research 
data sets (Table 3), and from the combined data sets 
(Table 4), respectively. Summary statistics from the 
calibration and validation of prediction equations in 
different dietary treatments are provided in Tables 5 
and 6. For the purposes of this study, accuracy of pre-
diction (R) was defined as the square root of the coef-
ficient of determination from the regression model of 
true on predicted values of body energy status. Unless 
otherwise stated, the reported accuracy of the predic-
tion equations is based on external validation.

Prediction Equations Calibrated and Validated 
Within the Same Research Data Set

When the equations were calibrated and validated 
within the same research data set, the bias and slope 
reported represent the largest absolute bias and the 
poorest slope (i.e., greatest absolute difference from 1) 
from the 4 iterations of calibration and validation within 
research data set. Accuracy of prediction of Direct_EB 

Table 1. Mean performance (SD in parentheses) of body energy status 
and its component variables for animals from the Scottish research 
herd (SAC) and Irish (Moorepark) research herd (MPK) on days on 
which milk samples were analyzed using mid-infrared spectrometry 

Variable SAC MPK

Cows (no.) 337 245
Records (no.) 3,269 840
Daily milk yield (kg) 31.4 (8.8) 20.8 (6.1)
Milk fat content (%) 3.8 (0.7) 4.1 (0.6)
Milk protein content (%) 3.3 (0.4) 3.5 (0.3)
Daily DMI (kg of DM/d) 16.6 (4.6) 15.7 (2.7)
BCS (units) 2.1 (0.3) 2.3 (0.3)
BW (kg) 589.4 (79.3) 502.6 (62.6)
Direct energy balance (MJ/d) −10.1 (34) 27.9 (28)
Energy content (MJ) 5,125 (1,013) 4,634 (663)
Effective energy intake (MJ/d) 168.0 (46.7) 158.9 (26.7)
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ranged from 0.65 (SAC-PM) to 0.69 (SAC-MD) when 
equations were both calibrated and validated within 
either the SAC data set or within the MPK data set 
separately (Table 2). Generally, the average bias was 
closer to zero than the maximum absolute bias reported 
in Table 2. Although the maximum bias is presented 
(Table 2), the bias from 80% of the iterations was not 
different (P > 0.05) from zero. Similarly, the slope of 

true on predicted values of Direct_EB across iterations 
was generally much closer to 1 than the poorest slope 
reported in Table 2; 50% of the regression coefficients 
were not different (P > 0.05) from 1.

Unlike Direct_EB, the average accuracy of the EC 
prediction equations calibrated and validated using 
MPK samples was considerably poorer than cor-
responding equations calibrated and validated in the 

Figure 1. Calculated energy balance for the Scottish research herd (-) and Irish research herd (gray triangles) animals. Color version avail-
able in the online PDF.

Table 2. Within-herd calibration and validation data sets, root mean square error (RMSE), correlation coefficient (R), number of records in 
external validation (Recs), maximum bias1 and slope2 (b) obtained from predicting direct energy balance (Direct_EB), energy content, and 
effective energy intake, and tested using split-sample cross-validation and external validation methods 

Data set3
Split-sample 

cross-validation External validation

Calibration External RMSE R Recs Bias (SE) b (SE) RMSE R

Direct_EB         
 SAC-PM SAC-PM 23.97 0.70  738 2.18 (0.85) 0.71 (0.04) 25.35 0.65
 SAC-AM SAC-AM 24.34 0.70  738 1.57 (0.90) 0.87 (0.04) 25.15 0.67
 SAC-MD SAC-MD 23.78 0.72  678 −2.35 (0.90) 0.87 (0.04) 24.75 0.69
 MPK-PM MPK-PM 18.91 0.74  214 3.63 (1.70) 0.80 (0.06) 20.74 0.66
 MPK-AM MPK-AM 18.90 0.74  220 −1.99 (1.23) 0.80 (0.06) 20.66 0.67
Energy content         
 SAC-PM SAC-PM 796.00 0.62  738 24.95 (26.03) 0.78 (0.06) 837.00 0.56
 SAC-AM SAC-AM 812.00 0.60  739 57.31 (26.62) 0.56 (0.05) 868.00 0.51
 SAC-MD SAC-MD 791.00 0.63  678 44.81 (26.95) 0.81 (0.06) 838.00 0.56
 MPK-PM MPK-PM 634.00 0.36  214 −214.82 (38.14) 0.47 (0.22) 677.00 0.25
 MPK-AM MPK-AM 599.00 0.47  220 −243.10 (35.11) 0.63 (0.17) 655.00 0.35
Effective energy intake         
 SAC-PM SAC-PM 22.19 0.88  738 1.87 (0.84) 0.87 (0.02) 23.28 0.86
 SAC-AM SAC-AM 23.26 0.87  739 −1.91 (0.95) 0.94 (0.02) 24.12 0.86
 SAC-MD SAC-MD 22.08 0.88  678 −1.46 (0.97) 0.95 (0.02) 23.29 0.86
 MPK-PM MPK-PM 19.84 0.66  214 2.30 (1.82) 0.74 (0.11) 21.71 0.56
 MPK-AM MPK-AM 19.55 0.68  220 −2.31 (1.22) 0.81 (0.08) 21.43 0.59
1Largest average difference between predicted values and true values in any external validation data set.
2Linear regression coefficient of true energy status value on predicted value.
3SAC = Scottish research herd; MPK = Irish (Moorepark) research herd; AM = morning milk; MD = midday milk; PM = evening milk.



7230 MCPARLAND ET AL.

Journal of Dairy Science Vol. 95 No. 12, 2012

SAC data set (Table 2). The mean bias between true 
and predicted values was not different from zero for any 
iterations using the SAC data, yet bias exceeded 100 
MJ for 50% of iterations in the MPK data set. How-
ever, the average RMSE was higher for SAC equations 
compared with MPK equations, reflecting the greater 
variance of EC in the SAC animals (Table 2).

Accuracy of prediction of EEI within the SAC data 
set was good (R = 0.86; Table 2) but was poorer (R 
= 0.56–0.59) when equations were calibrated and vali-
dated using only the MPK data set (Table 2). However, 
as for EC, the prediction equations for EEI developed 
using MPK samples had a lower average RMSE than 
the equations developed using SAC samples, yet had 
a larger mean bias and poorer slope between true and 
predicted values (Table 2). The slope between true and 
predicted values was different from 1 in 63% of itera-
tions across the MPK data set compared with 25% of 
iterations across the SAC data set. The mean bias was 
generally not different from zero across iterations of 
SAC or MPK data sets; however, the mean standard 
error across iterations was lower for the SAC data set 
(0.9 MJ) than it was for the MPK data set (1.5 MJ).

Prediction Equations Calibrated and Validated  
in Different Research Data Sets

Despite the high accuracy of cross-validation, equa-
tions developed using SAC data were not useful to pre-

dict Direct_EB, EC, or EEI in MPK animals (Table 3). 
The slope between true and predicted values was close 
to zero, and large mean biases were associated with the 
energy status predictions (Table 3).

Prediction Equations Calibrated and Validated  
in Combined Research Data Sets

The accuracy of predicting Direct_EB and EC from 
records across the entire lactation, using the 2 research 
data sets combined to calibrate and externally validate 
equations (Table 4), was similar to the accuracy of the 
prediction equations calibrated and validated within 
herd (Table 2). However, the accuracy of predicting 
EEI was slightly poorer than the accuracy of predicting 
EEI within the SAC herd (Tables 2 and 4). The great-
est variation in prediction accuracy across different 
milk samples used was in the prediction of Direct_EB, 
where accuracy of external validation ranged from 0.47 
(SAC-PM and MPK-AM samples) to 0.69 (SAC-MD 
and MPK-AM samples). In contrast, accuracy of vali-
dation of EC ranged from 0.51 to 0.56 and that of EEI 
ranged from 0.76 to 0.80.

When prediction equations were calibrated and 
validated using samples from early lactation (i.e., DIM 
<60), accuracy of prediction of Direct_EB was slightly 
poorer than that across the entire lactation, but the 
accuracy of prediction of both EC and EEI was slightly 
improved (Table 4).

Table 3. Across-herd calibration and validation data sets, root mean square error (RMSE), correlation coefficient (R), number of records in 
external validation (Recs), bias, and slope (b) obtained from predicting direct energy balance (Direct_EB), energy content, and effective energy 
intake, and tested using split-sample cross-validation and external validation methods 

Data set1
Split-sample 

cross-validation External validation

Calibration External RMSE R Recs Bias (SE) b (SE) RMSE R

Direct_EB         
 SAC-PM MPK-PM 23.74 0.70  837 62.84 (1.19) 0.11 (0.04) 27.77 0.09
 SAC-AM MPK-PM 24.50 0.69  837 69.92 (1.32) 0.08 (0.03) 27.79 0.09
 SAC-MD MPK-PM 24.01 0.71  837 70.49 (1.32) 0.14 (0.03) 27.58 0.15
 SAC-PM MPK-AM 23.74 0.70  862 40.53 (1.17) −0.05 (0.05) 28.05 0.03
 SAC-AM MPK-AM 24.50 0.69  862 49.87 (1.24) 0.00 (0.04) 28.07 0.00
 SAC-MD MPK-AM 24.01 0.71  862 45.52 (1.21) 0.08 (0.04) 28.00 0.07
Energy content         
 SAC-PM MPK-PM 793.08 0.62  837 −469.75 (30.72) 0.14 (0.04) 680.57 0.13
 SAC-AM MPK-PM 828.00 0.58  837 −776.05 (34.54) 0.06 (0.03) 685.12 0.07
 SAC-MD MPK-PM 794.46 0.62  837 −602.97 (34.88) 0.08 (0.03) 683.81 0.09
 SAC-PM MPK-AM 793.08 0.62  862 −402.69 (28.64) 0.14 (0.04) 679.79 0.12
 SAC-AM MPK-AM 828.00 0.58  862 −643.41 (30.01) 0.07 (0.04) 683.66 0.06
 SAC-MD MPK-AM 794.46 0.62  862 −646.18 (30.58) 0.09 (0.04) 682.46 0.08
Effective energy intake         
 SAC-PM MPK-PM 23.03 0.87  837 49.30 (1.28) 0.19 (0.03) 25.67 0.24
 SAC-AM MPK-PM 23.40 0.87  837 54.34 (1.44) 0.18 (0.02) 25.50 0.27
 SAC-MD MPK-PM 22.23 0.88  837 52.40 (1.43) 0.19 (0.02) 25.29 0.29
 SAC-PM MPK-AM 23.03 0.87  862 33.29 (1.25) 0.18 (0.03) 25.96 0.21
 SAC-AM MPK-AM 23.40 0.87  862 37.12 (1.33) 0.17 (0.02) 25.84 0.23
 SAC-MD MPK-AM 22.23 0.88  862 31.50 (1.28) 0.21 (0.03) 25.58 0.27
1SAC = Scottish research herd; MPK = Irish (Moorepark) research herd; AM = morning milk; MD = midday milk; PM = evening milk.
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Prediction Equations Calibrated and Validated  
in Different Feed Systems

Accuracy of prediction of body energy status was 
poorer than that obtained from the combined data set 
when equations were calibrated using samples from 
MPK and one SAC feeding treatment and validated on 
SAC animals on the other feeding treatment (Tables 
5 and 6). Accuracy of validation of Direct_EB ranged 
from 0.28 to 0.46 (Table 5) when equations were vali-
dated on samples from cows on the high concentrate 
diet; the range in accuracy of predicting Direct_EB for 
cows on the low concentrate diet varied from 0.21 to 
0.33 (Table 6). The slope between true and predicted 
values of Direct_EB was poor (0.30–0.52) when equa-
tions were validated on samples from cows fed the high 
concentrate diet (Table 5); the slope between true and 
predicted values of Direct_EB was ≤0.69 when equa-
tions were validated on samples from cows on the low 
concentrate diet (Table 6).

Accuracy of prediction of both EC and EEI was low-
er than the accuracy obtained from the full combined 
data set when equations were calibrated using data 
from MPK and one SAC feeding treatment only. The 
slope between true and predicted values of EEI was 
generally >1 when equations were validated on samples 
from cows on the low concentrate diet (Table 6).

DISCUSSION

The importance of energy status on dairy cow per-
formance is well accepted (Beam and Butler, 1999). 
Therefore, data on cow or herd average energy status 
could be very useful in aiding cow or herd manage-
ment but also in breeding programs to increase the 
accuracy of selection, especially for low heritability 
traits such as health (Berry et al., 2011) or fertility 
(Pryce and Veerkamp, 2001). Nonetheless, low-cost 
measures of predicting energy balance are currently not 

Table 4. Combined research herd calibration and validation data sets in the entire lactation and in early lactation, root mean square error 
(RMSE), correlation coefficient (R), number of records in external validation (Recs), bias, and slope (b) obtained from predicting direct energy 
balance (Direct_EB), energy content, and effective energy intake, and tested using split-sample cross-validation and external validation methods 

Data set1
Split-sample 

cross-validation External validation

Calibration External RMSE R Recs Bias (SE) b (SE) RMSE R

Across lactation         
 Direct_EB         
  SAC-PM and MPK-PM 26.10 0.69  947 0.67 (1.05) 0.63 (0.03) 30.11 0.54
  SAC-PM and MPK-AM 31.50 0.48  953 −0.41 (1.02) 0.99 (0.06) 31.51 0.47
  SAC-AM and MPK-PM 28.07 0.64  947 −0.40 (0.92) 0.96 (0.04) 28.17 0.63
  SAC-AM and MPK-AM 27.34 0.66  954 −0.66 (0.90) 0.97 (0.04) 27.79 0.65
  SAC-MD and MPK-PM 27.10 0.68  887 0.29 (0.94) 0.95 (0.04) 27.87 0.65
  SAC-MD and MPK-AM 26.64 0.69  893 1.12 (0.88) 0.98 (0.03) 26.40 0.69
 Energy content         
  SAC-PM and MPK-PM 793.91 0.58  947 −10.23 (26.39) 0.88 (0.04) 809.18 0.55
  SAC-PM and MPK-AM 787.90 0.59  953 −27.76 (26.46) 0.91 (0.05) 815.55 0.53
  SAC-AM and MPK-PM 806.84 0.56  947 6.67 (26.64) 0.98 (0.05) 820.15 0.53
  SAC-AM and MPK-AM 792.24 0.58  954 6.50 (27.23) 0.94 (0.05) 840.91 0.51
  SAC-MD and MPK-PM 799.28 0.57  887 8.37 (27.78) 0.94 (0.05) 827.19 0.53
  SAC-MD and MPK-AM 793.56 0.58  893 −20.00 (26.82) 0.90 (0.04) 799.50 0.56
 Effective energy intake         
  SAC-PM and MPK-PM 26.25 0.79  947 −0.07 (0.84) 1.00 (0.02) 25.74 0.80
  SAC-PM and MPK-AM 26.71 0.79  953 −0.57 (0.87) 0.99 (0.03) 26.96 0.78
  SAC-AM and MPK-PM 26.65 0.79  947 −1.10 (0.93) 0.93 (0.03) 28.44 0.76
  SAC-AM and MPK-AM 26.55 0.79  954 −0.14 (0.88) 0.98 (0.03) 27.14 0.78
  SAC-MD and MPK-PM 25.74 0.80  887 1.37 (0.90) 0.97 (0.03) 26.83 0.78
  SAC-MD and MPK-AM 25.34 0.81  893 −1.53 (0.86) 0.99 (0.02) 25.74 0.80
          
Early lactation    
 Direct_EB          
  SAC-MD and MPK-PM 26.27 0.64  725 0.15 (0.98) 0.89 (0.04) 26.31 0.61
  SAC-MD and MPK-AM 25.99 0.65  720 1.12 (0.95) 0.93 (0.04) 25.33 0.64
 Energy content          
  SAC-MD and MPK-PM 791.88 0.61  725 12.97 (30.07) 0.85 (0.05) 804.52 0.57
  SAC-MD and MPK-AM 797.39 0.61  720 −15.92 (28.90) 0.90 (0.05) 773.38 0.58
 Effective energy intake         
  SAC-MD and MPK-PM 25.09 0.81  725 0.50 (0.97) 0.94 (0.03) 25.99 0.79
  SAC-MD and MPK-AM 25.24 0.80  720 0.83 (0.90) 1.03 (0.03) 24.22 0.82
1SAC = Scottish research herd; MPK = Irish (Moorepark) research herd; AM = morning milk; MD = midday milk; PM = evening milk.
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Table 5. Solutions from equations calibrated using samples from SAC low-concentrate-fed animals and MPK animals and validated on SAC 
high-concentrate-fed animals, root mean square error (RMSE), correlation coefficient (R), number of records in external validation (Recs), bias, 
and slope (b) obtained from predicting direct energy balance (Direct_EB), energy content, and effective energy intake, and tested using split-
sample cross-validation and external validation methods 

Data set1
Split-sample  

cross-validation External validation

Calibration and external RMSE R Recs Bias (SE) b (SE) RMSE R

Direct_EB         
 SAC-PM and MPK-PM 22.88 0.75  1,498 23.11 (0.73) 0.40 (0.03) 24.55 0.36
 SAC-PM and MPK-AM 21.62 0.78  1,498 19.41 (0.67) 0.52 (0.03) 23.47 0.46
 SAC-AM and MPK-PM 23.37 0.76  1,497 22.36 (0.80) 0.30 (0.03) 25.38 0.28
 SAC-AM and MPK-AM 22.74 0.77  1,497 22.76 (0.78) 0.33 (0.03) 25.13 0.31
 SAC-MD and MPK-PM 22.69 0.78  1,381 21.99 (0.81) 0.32 (0.03) 25.14 0.30
 SAC-MD and MPK-AM 22.04 0.79  1,381 21.56 (0.78) 0.37 (0.03) 24.74 0.35
Energy content         
 SAC-PM and MPK-PM 727.66 0.60  1,498 107.91 (24.14) 0.72 (0.04) 921.70 0.39
 SAC-PM and MPK-AM 728.18 0.60  1,498 93.33 (23.98) 0.74 (0.04) 917.59 0.40
 SAC-AM and MPK-PM 723.77 0.61  1,497 191.76 (24.22) 0.71 (0.04) 924.04 0.39
 SAC-AM and MPK-AM 746.17 0.57  1,497 204.05 (25.34) 0.58 (0.05) 953.61 0.31
 SAC-MD and MPK-PM 748.89 0.56  1,381 267.35 (26.31) 0.63 (0.05) 960.27 0.31
 SAC-MD and MPK-AM 749.06 0.55  1,381 242.32 (26.23) 0.63 (0.05) 955.95 0.32
Effective energy intake         
 SAC-PM and MPK-PM 22.20 0.83  1,498 20.25 (0.68) 0.71 (0.02) 25.02 0.64
 SAC-PM and MPK-AM 21.50 0.84  1,498 17.48 (0.63) 0.79 (0.02) 23.66 0.69
 SAC-AM and MPK-PM 23.23 0.82  1,497 21.13 (0.74) 0.64 (0.02) 26.45 0.58
 SAC-AM and MPK-AM 22.77 0.83  1,497 21.13 (0.71) 0.68 (0.02) 25.89 0.61
 SAC-MD and MPK-PM 22.06 0.84  1,381 19.21 (0.73) 0.68 (0.02) 25.57 0.60
 SAC-MD and MPK-AM 21.78 0.84  1,381 18.83 (0.70) 0.71 (0.02) 24.87 0.63
1SAC = Scottish research herd; MPK = Irish (Moorepark) research herd; AM = morning milk; MD = midday milk; PM = evening milk.

Table 6. Solutions from equations calibrated using samples from SAC high-concentrate-fed animals and MPK animals and validated on SAC 
low-concentrate-fed animals, root mean square error (RMSE), correlation coefficient (R), number of records in external validation (Recs), bias, 
and slope (b) obtained from predicting direct energy balance (Direct_EB), energy content, and effective energy intake, and tested using split-
sample cross-validation and external validation methods 

Data set1
Split-sample  

cross-validation External validation

Calibration and external RMSE R Recs Bias (SE) b (SE) RMSE R

Direct_EB         
 SAC-PM and MPK-PM 17.68 0.71  1,455 −28.27 (0.92) 0.69 (0.05) 34.72 0.33
 SAC-PM and MPK-AM 17.58 0.71  1,455 −24.54 (0.95) 0.54 (0.04) 34.80 0.32
 SAC-AM and MPK-PM 17.91 0.70  1,457 −32.94 (0.99) 0.50 (0.06) 36.70 0.23
 SAC-AM and MPK-AM 17.86 0.70  1,457 −30.77 (0.95) 0.68 (0.05) 35.82 0.31
 SAC-MD and MPK-PM 17.87 0.70  1,332 −33.14 (1.04) 0.53 (0.07) 37.36 0.21
 SAC-MD and MPK-AM 17.54 0.71  1,332 −31.09 (1.04) 0.55 (0.06) 37.20 0.23
Energy content         
 SAC-PM and MPK-PM 797.32 0.48  1,455 −170.03 (21.83) 0.8 (0.04) 825.63 0.48
 SAC-PM and MPK-AM 789.09 0.45  1,455 −145.09 (22.46) 0.71 (0.04) 839.43 0.45
 SAC-AM and MPK-PM 799.52 0.46  1,457 −279.75 (22.31) 0.74 (0.04) 837.98 0.46
 SAC-AM and MPK-AM 797.23 0.43  1,457 −210.62 (22.97) 0.66 (0.04) 851.15 0.43
 SAC-MD and MPK-PM 809.32 0.47  1,332 −217.87 (22.84) 0.78 (0.04) 824.71 0.47
 SAC-MD and MPK-AM 805.67 0.48  1,332 −195.32 (22.63) 0.81 (0.04) 819.33 0.48
Effective energy intake         
 SAC-PM and MPK-PM 17.16 0.88  1,455 −24.26 (0.88) 1.03 (0.03) 33.63 0.62
 SAC-PM and MPK-AM 17.11 0.88  1,455 −21.61 (0.93) 0.84 (0.03) 34.99 0.57
 SAC-AM and MPK-PM 17.81 0.87  1,457 −30.68 (0.92) 1.12 (0.04) 35.19 0.58
 SAC-AM and MPK-AM 17.74 0.87  1,457 −29.01 (0.91) 1.07 (0.04) 34.74 0.60
 SAC-MD and MPK-PM 17.25 0.88  1,332 −30.12 (0.95) 1.20 (0.04) 34.25 0.61
 SAC-MD and MPK-AM 17.29 0.88  1,332 −26.97 (0.93) 1.16 (0.04) 33.60 0.62
1SAC = Scottish research herd; MPK = Irish (Moorepark) research herd; AM = morning milk; MD = midday milk; PM = evening milk.
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available. McParland et al. (2011) hypothesized that 
because mid-infrared spectrometry is the method of 
choice worldwide for routine quantification of milk fat, 
protein, and lactose contents, and now milk fatty acid 
composition (Soyeurt et al., 2011) in milk samples, and 
given the strong association between these variables 
and energy balance (Buttchereit et al., 2011), direct 
prediction of energy balance from the MIR spectrum 
of milk should reduce prediction errors. McParland et 
al. (2011) proposed their energy status prediction equa-
tions from milk MIR spectra as a possible useful tool 
in cow or herd management because (1) relatively good 
accuracies of prediction were reported, and (2) MIR 
data are generated for all cows at the time of milk re-
cording as well as for herd bulk milk tank samples and 
therefore no additional sampling would be required for 
energy status predictions to be generated on a routine 
basis. However, McParland et al. (2011) clearly showed 
that the variation in the population within which the 
developed equations were to be exploited should be 
represented in the data set used to calibrate the initial 
prediction equations. Furthermore, McParland et al. 
(2011) used data from only one research herd, albeit 
with 2 feeding systems, both of which involved indoor 
feeding at the time of measurement.

The objective of this study was to further develop the 
principle reported by McParland et al. (2011) that the 
MIR spectrum of milk could be useful to predict cow 
energy status using data from 2 diverse production sys-

tems as well as genetic groups of differing ancestry. The 
SAC research herd comprises 2 lines of North Ameri-
can Holsteins divergent for genetic merit split across 2 
TMR diets (1 high concentrate and 1 low concentrate). 
In contrast, samples used from the MPK research herd 
mainly included New Zealand Holstein-Friesians, which 
were offered a predominantly grazed grass diet with pe-
riodic concentrate supplementation. These differences 
in research populations used, one based in Scotland and 
one in Ireland, was reflected in differences in perfor-
mance (Table 1, Figure 1) as well as in different milk 
spectral profiles (Figure 2).

Predictive Ability

Substantiating the study of McParland et al. (2011), 
the variation in energy status (and therefore MIR spec-
tra) in the population where the prediction equations 
are going to be exploited needs to be represented in 
the data set used to calibrate the equations. This was 
evident when prediction equations were calibrated in 
SAC cows and applied to MPK cows. The MPK and 
SAC research herds differed in mean levels of individual 
component variables of energy status (Table 1), mea-
surement techniques of the component variable DMI, 
and actual energy status levels. Differences in Direct_
EB, EC, and EEI of the 2 research data sets (Table 
1, Figure 1), combined with differences in the spectral 
data of the 2 herds (Figure 2), resulted in equations 

Figure 2. First 2 principal components of spectral data of milk from the Scottish research herd (-) and Irish research herd (gray triangles) 
animals. Color version available in the online PDF.
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calibrated using phenotypic and spectral data that did 
not represent the predicted data set. Thus, equations 
were unable to “recognize” either the body energy sta-
tus profiles or the spectral data of the validation data 
set.

The Direct_EB profile of the SAC-HC animals was 
more similar to that of MPK animals than to the SAC-
LC Direct_EB profiles (data not shown). Thus, when 
equations were calibrated using samples from SAC-LC 
plus MPK animals and validated using milk samples 
from SAC-HC animals, the accuracy of prediction of 
Direct_EB was greater and the mean prediction bias 
was smaller than when equations were developed using 
SAC-HC plus MPK and validated on SAC-LC (Tables 
5 and 6). The inclusion of MPK animals in the cali-
bration of the equations may have been useful to aid 
prediction of SAC-HC animals. However, the prediction 
accuracy obtained across feed system was poor.

Corroborating the results from this study, McParland 
et al. (2011), using a subset of the SAC data used in 
the present study, reported that the equations to pre-
dict body energy status were generally most accurate 
at predicting EEI and least accurate at predicting EC. 
The generally greater accuracy of prediction of Di-
rect_EB relative to EC in both the present study and 
the study of McParland et al. (2011) may be a reflec-
tion of the strong accuracy of prediction for some of 
the component variables of Direct_EB using the MIR 
spectrum. Direct_EB comprises milk fat, protein, and 
lactose contents, all of which are routinely predicted us-
ing the MIR spectrum, as well as milk yield, which was 
included in the prediction equation for energy status 
in the present study. Direct_EB also incorporates EEI, 
which was accurately predicted from the MIR spectrum 
(Tables 2 to 5). Energy content, on the other hand, was 
calculated from BCS and BW, neither of which is rou-
tinely predicted using the MIR spectrum; McParland et 
al. (2011) previously reported poor accuracy of predic-
tion of BCS from the milk MIR spectrum. Furthermore, 
BCS is subjectively scored and BW (change) is subject 
to random error such as gut fill. The DMI reported for 
the SAC herd is measured differently from the DMI 
reported for the MPK herds. However, EC does not 
consider DMI in its calculation, and thus could have 
been a better trait for prediction across countries.

It is unclear why the prediction accuracies of equa-
tions developed using the MPK data sets were generally 
lower than those developed using the SAC data set. Al-
though an accurate measurement of DMI, the n-alkane 
method to predict the DMI of the MPK herd might 
have been less accurate than the Calan gate method 
of assessing DMI used in the SAC herd, and this had 
a greater effect on the predictive ability of EEI than 

on Direct_EB. Considerably more data were available 
from SAC to develop the prediction equations, which is 
also likely to influence accuracy of prediction.

Implications

Equations to predict body energy status have been 
developed using a joint data set obtained from research 
herds in Ireland and Scotland. The equations to predict 
Direct_EB are sufficiently accurate to provide useful 
information to dairy farmers regarding the energy sta-
tus levels of their herd. Because these equations require 
only information from the MIR spectrum, which is rou-
tinely generated during milk analyses, and information 
on milk yield, information on the energy status levels of 
herds can now be provided to farmers. Farmers who are 
actively milk recording can also receive information on 
the individual energy status profiles of cows at the time 
of milk recording at no additional cost. However, it was 
clear from this study, corroborating the recommenda-
tions from a previous study on energy status prediction 
(McParland et al., 2011), that the variation present in 
the population in which any prediction equations are to 
be exploited must be appropriately represented in the 
calibration data set. Because individual animal energy 
status will not be available in commercial populations, 
the MIR spectra of the animals can be compared with 
that in the calibration data set (Figure 2) and a deci-
sion made on whether the patterns in the spectra are 
represented in the calibration data set. However, a more 
obvious solution would be to collate data on a suffi-
ciently large population of animals from diverse breeds, 
feed systems, and energy status, and to develop the 
equations using these data. This can be best achieved 
through international collaboration.

Through the routine collation of MIR-predicted 
energy status, longitudinal herd (and cow) data can 
subsequently be used to monitor changes in energy 
status of the herd over time and therefore evaluate, in 
real time, the effect of changes in management practice 
on herd energy status. Adjustment for fixed effects 
such as herd parity structure and genetic merit can 
facilitate benchmarking of individual herds against con-
temporaries. Knowledge on energy balance status, but 
probably more importantly, the change in herd average 
energy status, can provide valuable information for in-
clusion in farm decision-support tools.

Although every attempt was made in this study to 
minimize the influence of random noise in the pheno-
typic values of the component traits of energy balance, 
inaccuracies in the collection of these data, especially 
feed intake and BW, are likely to exist. Therefore, the 
expected accuracy of prediction of energy status, as 
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defined in this study, was not expected to be very high. 
The expected random noise present may be minimized 
further, although not alleviated, by more accurate mea-
surement of energy balance in calorimetric chambers.

Genetic gain in low-heritability traits such as health 
and fertility is hampered by relatively low accuracy of 
selection. Although accuracy of selection can be im-
proved through greater levels of recording among other 
things, accuracy can also be increased by including 
heritable, genetically correlated traits in multi-trait 
genetic evaluations for health and fertility. Although 
no variance components were estimated in the present 
study for energy balance, previous studies (Berry et 
al., 2007) documented significant genetic variation in 
energy status. However, precise estimates of the genetic 
correlations between energy status and either health or 
fertility traits are lacking, predominantly because of a 
lack of sufficiently large data sets with phenotypes for 
energy status. Access to MIR-predicted energy status 
could overcome this limitation because MIR spectra 
should be available from all milk samples taken at milk 
recording. If the heritability of predicted energy status 
is similar to that of milk yield, as previously suggested 
(Berry et al., 2007), the accuracy of genetic evaluations 
for energy status would be similar to that of genetic 
evaluations for milk. Currently, 49% of cows in Ireland 
are milk recorded between 4 and 12 times during lacta-
tion, and at least 50% of cows in the UK are milk 
recorded approximately 10 times during lactation.
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