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CHAPTER 1: | NTRODUCTI ON

Currently, feed costs represent the largest expense associated with milk production
as they account for approximately 50% of the total production costs incurred on dairy farms
(Beck and Ishler, 2016; USDERS, 2018; Hardie et al., 2017). Because feed costs affect
profitability, dairy producers are interested in calculating feed efficieR&) On an
individual cow basis such that highly efficient cows can be selected for tanéruture
herds through management and genetic selection (Erdman, 2011). Ultimately, selecting
for high efficiency cows will reduce feed costs as well as the environmental impact of milk
production while improving producer profitability and increasmmi¢k production to meet
the demands of the growing global population (Capper at al., 2009; VandeHaar et al.,
2016).

There are3 primary methods that are currently being utilized in the U.S. dairy
industry to estimate dairy FE (Connor, 2015). The firsttmh od i s referred t
over feed costsipFC) 6 and | OFC values are calcul ate
income related to milk production minus the cost of feed required for milk production
(Beck and Ishler, 2016; Block 2010). To calculatd@RC value, a dairy producer must
have the following information: average daily milk production (kg/d/cow), current milk
prices ($/cwt), average dry matter intakeM| ; kg/d/cow), and current feed prices (Beck
and Ishler, 2016; Block 2010).

The secondproach to estimating FE is to calculate the ratio of eneogsected
milk (ECM; kg/d; standardized for milk fat and protein concentrations) to DMI which is
similar to calculating feed conversion ratié<CR) usedto estimate FE in poultry, swine,

and beéindustries (Erdman, 2011; Willems et al., 2013). To calculate a FE ratio for an

2



individual cow, a dairy producer must have the followingf@m data: milk yield (kg/d),
milk fat concentration (%), milk protein concentration (%), and DMRMS, 2014
Erdman, 2011).

Lastly, the third approach to estimating dairy FE on an individual cow basis is to
cal cul at e a c¢ owORFIl).r RFkig cdleulated a$ tbeedifferenae bedmleen  (
a cow0s actual D MI and her pr e Hpredittiend D Ml
equation(Connor, 2015; Koch et al., 1963; Macdonald et al., 2014). DMI prediction
equations vary; however, most equations contain the follo®wayiables: 1) a variable
used to estimate milk and/or milk component yields suclersrgycorrected milk
production ECM; kg/d),2) a variable used to estimate body weid@W( kg) such as BW
itself or metabolic BWNMBW ; BW? "9, and 3) an estimate in change in B®#B{V) such
as average daily gaidDG; g/d)(Connor, 2015Connor et al., 2013ochet al. in 1963).

In order to calculat&kFI, a dairy producer must have the following information: actual
DMI, predicted DMI based on a selected prediction equation, and the data for all
production variables included in thgredicton equation such as millield, milk
compositionand BW Connor, 201k

One of the biggest issues with calculating IOFC values or the FE ratio is that DMI
is rarelymeasurecdn an individual cow basisn most dairy operations (Connor et al.,
2013; Faverdin et al., 2017; Halachmi et al., 2004). Unfortunately, most dairy operations
do not have the time, labor, or financial resources to measure DMI on an individual cow
basis (Halachmi et al., 2004). Thine, the vast majority of dairy cows are fed in large

groups such that the DMI of an individual cow within a group is unknown (Halachmi et



al., 2004). One way to overcome the lack of individual cow DMI measurements on farm
is to estimate DMI using mathextical models (Halachmi et al., 2004).

Several studies have shown that there is a robust relationship between nitfpgen (
intake and N output in lactating dairy cows (Jonker et al., 1998; NRC, 2001, Van Horn et
al., 1994). Research has shown that daipws secrete approximately -35 percent of
their consumed N into milk while the majority of the remaining N is excreted in urine and
feces (NRC, 2001). Van Horn et al. (1994) explored the relationships between consumed
N and milk, urinary, and fecal N quits and reported that urinary and fecal N excretions
can be estimated by subtracting the milk N concentration from the concentration of N
consumed (NRC, 2001). Similarly, Jonker et al. (1998) found that the N intake can be
estimated using milk and urinaN (UN) concentrations in which milk N was calculated
as a function of milk yield (kg/d) and the crude protein percentage of milk and UN was
estimated as a function of MUN. Based on these concepts, it is possible that DMI can be
estimated on an individuaow basis if the amount of excreted N in the milk, urine, and
feces are known or estimated (Jonker et al., 1998).

The second biggest issue regarding FE is that various biological, production, and
dietary factors have been shown to affect dairyr&tios including: stage of lactation,
parity, individual cow variation in production parameters (milk yield and milk
composition), BW, calving month, dietary energy concentration, dietary neutral detergent
fiber concentration, and dietary crude protein (CP) comagon (Heinrichs et al., 2016;
Ishler, 2014; NRC, 2001). Although substantial research has been conducted to explore
the effects of various biological, dietary, and production param#tatsaffect FE the

relative importance of eacladtor has yet tdbe determined. In regard to REkveral



biological, production, and/or dietary variables are included and accounted for in the model
to predict DMI such that RFI valueseunderstoodo be phenotypically independent of

the variables used for the DMlgatiction (Connor, 201%otts et al., 201,5/andeHaar et

al., 2016). However, it is possible that RFI may still be dependent on biological,
production, and/or dietary factors that are not incluagethe DMI prediction equation.
Research regarding thispic is limited; thus, more research is needed to explore the
relationship between RFI and variouslbgical, management, dietary, and/or behavioral
factors (Connor etla 2013; Golden et al., 2008 kikumah et al., 2007).

Lastly, the third major issue gardingdairy FE occurs when FE is estimated using
the RFI approachRFI is a statistical error in the regression analysis between actual and
predictedDMI; thus, RFIcontains both true variation in metabolic FE between cows due
to genetics as well as rdom variation due to DMI measurement and prediction errors
(VandeHaar et al., 2016Because errors in DMI prediction are allocated to the RFI term,
it may be possible that withicow RFI values may be dependent on the equation used to
predict DMI(Vandehhar et al., 2016)

The first central hypothesis of this dissertation was dnatquation that estimates
DMI on an individual cow basis can be developed and validated using the concept of N
balance derived from common, -farm parameters. Thus, the firsbjective of this
dissertation was to develop and validate several equations that estimate DMI on an
individual cow basis using the concept of N balance derived from commefayron
parameters using linear and Alamear modeling techniques. The practiapplication of

this project was to estiate DMI ofan individual cow fed in groupso that dairy producers



could use these novel equationsfarm to estimate DMI to allow for the calculation of
IOFC and dairy FE ratios.

The second main hypothesistbis dissertation was that the relative importance of
several biological, production, and dietary factors that affect dairy FE ratios and RFI can
be determined and ranked. Thus, the second objective of this dissertation was to determine
and rank the relate importance of several biological, production, and dietary factors that
affect dairy FE ratios and RFI using a series of discriminant analyses including stepwise,
canonical, and basic discriminant analyses. The practical application of the secoctd proje
was to identify key factors that affect dairy FE ratios and RFI to help producers select for
highly efficient animals even if FE ratios and RFI cannot be calculation frefaron
parameters.

Lastly, the thirdcentralhypothesis of tte dissertation wathat RFI values are
dependent on the DMI equation used to predict DMI. Therefore, the third objective of this
dissertation was to determine if withmow RFI values were repeatable when different
DMI equations were used to predict DMI to calculate RFie results of the third project
may be used by dairy producers to help them select an appropriate DMI equation to predict
DMI and calculate RFI on their respective dairy operations.

In summary, the combined goal of theserojects was to help dairy ptacers
estimate FE on an individual cow basis so that dairy producers can select for more efficient
cows within their current and future herds. Improved dairy FE will ultimately result in
improved producer profitability, reduced environmental impact ¢k mioduction, and

increased milk (and milk product) production to feed the growing, global population.
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CHAPTRERR |

Dairy Feed Costs

TERATURE REVI EW

Dairy feed costs represent the single largest expense associated with milk

production on dairy farms (Beck and Ishler, 2016; Hardie et al., 2017; Valvekar et al.,

2010). Currently, feed costs account for approximately 50% of total production costs for

milk production (Beck and Ishler, 2016; USEERS, 2018a; Hardie et al., 2017). Using

dat a

published by the United St aReseaach Depar

Service USDA-ERS), Figure 2.1 illustrates the U.S. national average yearly dairy feed

coss as a function of total production costs (USBRS, 2018a).

Figure 2.1 Average yearly U.S. dairy feed costs as a function of the total cost of milk

production in 200% 2017 (USDAERS, 2018a).
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Due to several factors, feed costs have increased apateky 1.29fold from
2005 to 2017 (USDARS, 2018a). Figure 2.2 illustrates the U.S national monthly dairy
feed costs per centum weight (CWT) of milk sold in the years 2005 and 2017 using data

derived from the USARS (2018a).

Figure 2.2 U.S. monthly dairy feed costs per centum weight of milk sold in 2005 and 2017
(USDA-ERS, 2018a).
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In addition to a historic drought that caused redagh feed costs in 2012, an
increased use of corn for ethanol production in the United Stadesbaed U.S. dairy feed
costs to be extremely high as corn is a staple ingredient in dairy cow rations (Buza et al.,
2014; Hardie et al.,, 2014; USDBRS, 2018b). As illustrated in Figure 2.3, corn
production (billions of bushels) has nearly tripled frd®80 to 2014; however, the

additional corn produced is being utilized by the ethanol industry to produce fuel and is not

12



being allocated for use as animal feed (USBRS, 2018b). In fact, as the amount of corn
used for ethanol production increased, the@as a slight decrease in the amount of corn

that was beingisedfor animal feed (USDAERS, 2018b).

Figure 2.3 Comparison of the U.S. domestic corn use between 1980 and 2018 (figure is
derived from data provided by the USEERS, 2018b).
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FeedEfficiency

Feed Conversion Ratios

High feed costs are not an issue that is unique to the dairy industry; feed costs are
the largest expense of production in several animal production industries (Erdman, 2011,
Willems et al., 2013). In order to assessanamal 6 s production val uct
(FEs) are utilized in the poultry, swine, and beef industries and benchmark FEs have been
established for these industries (Erdman, 2011). Commonly, FE is assessed using feed

conversion ratiosHCR) in which theamount of feed consumed is the numerator and the

13



amount of body weighBW) gained is the denominator (Willems et al., 2013). A standard

FCR is shown in Equation 1:

FCR = 1)

For example, an animal thean convert 2.4 kg of feed into 2.0 kg of BW woulddan

FCR value of 1.2. For mostnimal production industries low FE valueis highly
desirable because it indicates that the anisaficiently convering feed nutrients to a
saleable produdgfFoad and Agriculture Organization of the United NatioRA&Q), 2010).

Several factors such as gender, age, genetic composition, environmental conditions, and
dietary composition may alter theE of an individual animal (FAO, 2010). In addition,
FCRs vary ginificantly between different animal species and average FCR values for

several specidsave been reported in Table 2.1.

Table 2.1 Average FCR values of various species

Animal Species FCR
Beef Cattlé 6.70
Broilers (Chicker) 1.60
Ducks 2.59
Guinea Fowm 2.98
Japanese Quail 2.59
Small Ruminants 7.00
Swiné 3.00
Turkey 3.03

Mean of reported FCR values extracted from Willem et al. (2013)
°FCR reported by Best (2011).

3Data derived from FAO (2010)

“FCR reportedby Vansickle (2013).
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Although FCRs are widely utilized in the poultry, s&jrand beef industries, additional
methods have been developed to estimate FE such as the Residual FeedRIAkake (
method which will be discussed shor{fu et al., 2013 Therefore, there are seaér
approaches to estimate FE in the U.S. meat industries. Similalgairy industry lacks

a singular equation to assess FE (Erdman, 20lijotal, there are3 primary methods
utilized by the dairy industry to estimate FE on an individual cow ahefal basis: Income
over Feed CostsIQFC), FE ratios, and RF(Beck and Ishler, 2016; Connor, 2015;

Erdman, 2011).

Dairy Feed Efficiency

Income over Feed Costs

The first method used to estimate dairy
(IOFC) o this @hlculation allows producers to estimate changes in their daily profit
margins based on adjustments made to the ration formulation and/or fluctuations in the
market value of select feed ingredients (Beck and Ishler, 2016; Block 2010). The broad

equaton used to calculate IOFC is shown in Equation 2:

IOFC ($/day) = Milk Income ($/dayi) Feed Costs ($/day) 2

Although the overall IOFC equation may appear simplistic, the IOFC equation is
further broken down int@ major segments: milk income ($/deafnd feed costs ($/day).
The goal of the milk income calculation is to provide producers with an estimation of daily

milk production profits usin@ input values: 1) average amount of milk produced per cow
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per day (Ib/cow/d), 2) number of lactating cows the farm, and 3gurrentprice of a
hundredweight ($/cwt) of milk (Beck and Ishler, 2016; Block 2010). The equation used

to calculate milk income is shown below in Equation 3:

Milk Income ($/d&) = ((Milk (Ib/cow/d) x (# of cows))/100) x niik price ($/cwt)  (3)

Once the dairy producer calculates the milk income, feed costs must be calculated using

the formula provided in Equation 4:

Feed Costs ($/day) = (cost per Ib of feed DM) x (dry matter intake (Ib/gow/d (4)

In order to calculat¢ he fAcost per | b of feed DMO port
dairy producer must know the individual feed ingredient amounts per cow per day and the

feed prices for each feed ingredient (Beck and Ishler, 2016; Block 2010). In addition, the
produer must either record individual daily DMI or be able to estimate daily DMI on a

per cow basis in order to estimate feed costs (Beck and Ishler, 2016; Block 2010). Once

the producer has calculated values for both milk income and feed costs, the IOFC value

can be estimated (Equation 2).

Advantages of IOFC

One major benefit of calculating IOFC is the ability to estimate changes in

profitability based on projected modifications within the dietary ration (Block, 2010). An
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example of a hypothetical comparistimat a producer may make betwe2mlifferent

lactating dietary rations utilizing the IOFC technique is provided in Table 2.2.

Table 2.2 Example of a ration formulation comparison using IOFC calculations.

Current Proposed

Herd Information Diet Diet
Milk Income

Average Milk Production (Ib/cow/day) 81.7 84.7

Number of Lactating Cows 327 327

Current Milk Price ($/cwt) for Class | Milk $15.98 $15.98
Total Milk Income ($/day) $4,269.20 $4,425.96
Total Milk Income ($/cow/day) $13.06 $13.54
Feed Costs

Price of Feed Dry Matter ($/1b) $0.14 $0.15

Average Dry Matter Intake (Ib/cow/day) 52 52
Total Feed Costs ($/day) $2,380.56 $2,550.60
Total Feed Costs ($/cow/day) $7.28 $7.80
IOFC

Total IOFC ($/day) $1,888.64 $1,875.36

Total IOFC ($/cow/day) $5.78 $5.74

Additional IOFC ($/day) -$13.28

Additional IOFC ($/cow/day) -$0.04

Additional Annual IOFC ($/year) -$4,845.81
IClass | milk prices ($/cwt) were derived

2Calculated based on dietary ingredients and composition as well as respective feed price:

Based on this example, a dairy producer would lose approximately $0.04 per cow
per day, $13.28 per day, and 84K.81per year if the dietary ration was changed from the
current diet to the proposed diet. This may be surprising to the dairy producer as the
proposed diet was projected to increase milk yield by 3.0 Ibs per cow per day while only
costing an additional $010b of feed dry matter.

However, the increase in projected

income did not outweigh the increase in projected feed costs; thus, this dietary
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manipulation would be disadvantageous for the dairy producer. Overall, the IOFC method

serves as a useful toolathcan provide producers with important information regarding

changes in profit as a result of dietary ration alterations (Block, 2010).

In addition to helping producers conduct ebshefit analyses, the IOFC method

can also be used as a tool to help posdls set personal IOFC benchmarks (Higihge

and low range IOFC valugand assess their actual IOFC values over time (Beck and Ishler,

2016). For

in which dairy producers can enttheir herd, production, and dietary ration information

which the program then uses to calculate individual IOFC values as well as IOFC

benchmar ks (Beck and I1shl er, 2016) . An

over

Feed

Cost mbigute@4.1 i s presented

Figure 24 Sampl e output from the Penn State
IOFC values as well as established IOFC benchnYa(Beck and Ishler, 2016).
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The output given by the Penn State IOFC tool can help producers determine how efficiently
their ration is being utilized based on the amoant(price) of milk being produced; thus,
IOFC values are indicators of overall economic dairy FE (Beck and Ishler, 2016). In the
current example, the actual IOFC values for this hypothetical herd are close to the high
range IOFC values for the months eahdiary and February. Between February and April,
the actual IOFC values for this hypothetical herd are in the middle between the high and
low range IOFC values. Lastlyrom May to Junethe actual IOFC values for this
hypothetical herd are diminished afadl along the low range IOFC values. Therefore, if
a dairy producer could implement a dietary or management change in their dairy operation
during any time point between January and July, the producer would most likegedbo
implement a change dugrthe months of May, June, and/or July to attempt to increase
their IOFC values. Based on this information, a dairy producer may make changes during
these months in the following year to avoid a similar reduction in IOFC values. Because
these months tentb be associated with hot weather, a dairy producer may attempt to
improve the efficiency of their herd by implementing more effective strategies to mitigate
heat stress such as water misters (evaporative cooling), fans, or dietary supplements
(Polsky andvon Keyserlingk, 2017). Thus, the IOFC tool published by Penn State
Extension can be wutilized by dairy produce
values and the results may elicit changes in dietary or management strategies in hopes of
improving economic efficiency of the operation.

The third benefit of the IOFC tool is that it helps producers plan for upcoming
months (Beck and Ishler, 2016). As previously mentioned, the actual IOFC values for

May, June, and July are approaching the-tamgelOFC benchmark values for these
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respective months. If this trend continues, the current feeding program may not be suitable
to maintain an appropriate IOFC value in future months. Therefore, this trend would signal
to the producer that a new dietary aumagement strategy should be implemented in order

to either decrease feed costs or increase milk revenues in order to maintain or increase
profit margins for future months (Beck and Ishler, 2016). The effects of the new feeding
or management strategy orvevall profitability could be estimated using the IOFC

calculations discussed in Table 2.2.

Disadvantages of IOFC

Although there are several advantages to using the IOFC to estimate FE in dairy
cows, there arfour major disadvantages to this method that prohibit it from berefiable
candidate for the sole predictor of dairy FE. First and foremost, the calculations used for
each IOFC estimation require current milk and feed pmdesh frequently change

Because milk and feed prices continuously fluctuate, it is impossible to create
standardized IOFC benchmarks that can be used over time across different dairy operations
because IOFC values are temporal indicators of profitability (Erdman, 2011). For exampl
the average price of milk per hundredweight in the U.S. was $13.36 during March 2018;
however, the price per hundredweight of milk in the U.S. in October 2018 was $16.33
(USDA-AMS, 2019). If all other IOFC calculation input values remained the same, th
aforementioned difference in milk prices would change the estimated IOFC by $730.62 per

day, as shown in Table 2.3.
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Table 2.3 Comparison of IOFC estimations based?atifferent milk prices.
Milk Price Milk Price

Herd Information $13.36 $16.33
Milk Income

Average Milk Production (Ib/cow/day) 82 82

Number of Lactating Cows 300 300

Current Milk Price ($/cwt) for Class | Milk $13.36 $16.33
Total Milk Income ($/day) $3,286.56 $4,017.18
Total Milk Income ($/cow/day) $10.05 $12.28
Feed Costs

Price of Feed DM ($/Ib) $0.17 $0.17

Average Dry Matter Intake (Ib/cow/day) 54 54
Total Feed Costs ($/day) $2,754.00 $2,754.00
Total Feed Costs ($/cow/day) $9.18 $9.18
IOFC

Total IOFC ($/day) $532.56 $1,263.18

Total IOFC ($/cow/day) $0.87 $3.10

IMilk prices per hundredweight ($/cwt) are based on data derived from the ASI5A(2019).

Therefore, it is impossible to establitked IOFC benchmarks that could serve as within

or across farm indicators of daiRE because the IOFC calculations are heavily based on
fluctuating market prices of milk and feed ingredients which vary depending on the region
of the U.S.

The second major disadvantage of the IOFC calculation is that it does not take milk
composition intoconsideration. Milk is comprised of several components such as fat,
protein, lactose, ash, and water and the concentration of these components can vary based
on several factors such as breed, parity (age), stage of lactation, season, and diet
composition (Field and Taylor, 2012; Harding, 1999; Looper, 2012ZJhe lack of
consideration for milk composition in the IOFC calculation is problematic because

calculated IOFC gross profits are solely based on fluid milk yledevever, a mayity of
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dairy produces are paid for milk component yield, specifically milk fat and protein (Geuss,
2015). Therefore, gross income projections may be inaccurate dependmg/bich milk
payment systenthe dairy producer is enrolle@Geuss, 2015). In addition, milk
composiion should be considered when determining the FE of an individual cow as
different milk components require different amounts of energy to produce which can affect
overall milk yield (Harding, 1999; Gaines and Davidson, 1923). This concept is further
discussed in the next section of this dissertation. In summary, it is imperative to consider
milk composition when calculating gross profits and/or FE of dairy cows; thus, the IOFC
calculation is flawed as it does not take milk composition into consideration.

The third disadvantage of the IOFC calculation is titaessentially serves to
estimate economic efficiency, nefficiency of nutrient utilization. Although the tool
effectively provides dairy producers with an estimatgrofssprofits after feed costare
removed, the IOFC value is primarily based on monetary outputs and inputs and those
values are calculated based on projected, average values of milk yield (kg/d) and dry matter
intake OMI ; kg/d), respectively (Beck and Ishler, 2016). Thus, IOFC do¢sctually
provide a dairy producer with information regarding the efficiency of nutrient utilization
for milk production which is the basis of dairy FE.

Finally, the fourth major limitation of the IOFC method is that the IOFC
calculations areypicaly based on average herd production valumeson an individual
cow basis. With feed costs consisting of approximately 50% of total production costs,
dairy producers are interested in selecting high efficiency cows that can effectively utilize
their dietary ration for milk production for their herd (Connor et al., 2013). In order to

select high producing cows, dairy producers must be able to cald@&t on an
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individual cow basi¢Beck and Ishler, 2016)Although it is possible to calculate the IOFC

of an individual cow, IOFC requires both milk production and DMI to be measured on an
individual cow basis; however, individual cow DMI is rarely measured on most dairy
operations as this measurement tends to be costly and labor in{@wmiver et al., @13;
Faverdin et a] 2017; Halachmi et al., 2004 herefore JOFC is a great tool that can be
used by producers to estimate the efficiency of their herd; howevemat isommonly
used to estimate FE on an individual cow basis due to the frequentolabiMi
measurements on an individual cow basis.

In conclusion, the IOFC method does have several advantages for dairy producers
to estimate their profitability with respect to potential ration formulation changes,
alterations in production responsesjraplementation of new efarm strategies (Block,
2010). However, the IOFC cannot be utilized as a universal tool to indicate dairy FE
because the IOFC calculations depend on current market prices for milk and feedstuffs
which results in regional and tirdependent IOFC values (USEMASS, 2018). Most
importantly, IOFCis not designed tde used to calculate individual cow FE for genetic
and/or management selection to improve FE (Beck and Ishler, 2016). Therefore, an
alternate calculation should be used to estimate dairy FE. For the remaining portion of this

dissertation, dairy FE wilbe estimated using FE ratios and RFI.

Dairy FE Ratios

Although IOFC and RFI methods are becoming more popular in the dairy industry,
dairy FE is most commonly estimated as a ratio that compares the amount milk produced

(kg/cow/d) to the DMI (kg/cow/d) needed for the milk production (Connor, 2015).
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Although dl milk to feed ratios use DMI as the denominator, the numerator of the ratio
may vary based on study. There are five numerator variables that are commonly used in

dairy FE and each FE equation will be discussed in further detall

Dairy FE Numerators
Milk Yield
The first and most basic dairy FE equation utilizes overall milk yield as the

numerator of the ratio and it compares milk produced to DMI, as shown in Equation 5.

Dairy FE = Milk Yield (kg) / DMI (kg) (5)

Although this ratio is the mostmplistic and easiest method of calculating a dairy FE ratio,
dairy FE is incorrectly predicted using this formula because overall milk yield does not
account forchanges in theomposition of the milk producdal individual cows or herds

As shown in Rble 2.4, milk is comprised of several components including: water, lactose,
fat, protein, and ash (vitamins and minerals) (Field and Taylor, 2012).

Table 2.4 Average milk composition and heat of combustion values for Holstein milk.
Heat of Combustior?

Milk Component Percentage in Milk (%) (Mcal/kg)
Water 88.08 0.00
Lactose 4.61 3.95
Fat 3.56 9.29
Protein 3.02 5.71
Ash 0.73 0.00
Component Total 100.@

Values derived from Harding (1999).
2VValues derived from NRC (2001).
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Although allmilk contains similar nutrients, the relative abundarfosagh nutrient varies
based orbreed (Harding, 1999). For example, the relative abundance (%) of each milk

nutrient for several dairy breeds is shown in Tabte

Table 2.5 Relative abundancé4) of milk nutrients based on cattle brekds

Breed Water Lactose Fat Protein Ash
Holstein 88.08 4.61 3.56 3.02 0.73
Brown Swiss 87.50 4.80 3.80 3.18 0.72
Ayrshire 87.40 4.63 3.97 3.28 0.72
Guernsey 86.40 4,78 4.58 3.49 0.75
Jersey 85.91 4.70 4,97 3.65 0.77

Data derived from Harding (1999).

In addition to animal species and breed, milk composition may also vary on an iadlividu
animal basis due @enetics (Harding, 1999). As shown in Table 2.4, each milk component
has a different heat afombustion value; therefore, each nutrient requires a different
amount of dietary energy to be produced. Thus, the amount of energy required to produce
a specific amont of milk depends on the millomposition. The simplistic FE equation

that utilizes oerall milk yield as the numerator of the ratio does not account for energy
differences in milk production; therefore, this ratio should not be used to calculate dairy
FE. Instead, milk yields should be standardized based on the nutrient composition of the

milk.

4.0% FatCorrected Milk
In 1923, Gaines and Davidson (1923) developed the first formula to standardize
milk yield based on its composition. As shown in Tables 2.4 and 2.5, milk fat is the most

energy dense nutrient in milk and it varies from cow to cow (Harding, 1999; Gaines and
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Davison, 1923). In order to account for the energy differences of milk yield due to
individual cow milk fat variation, Gaines and Davidson (1923) developed the 4.6% fat
corrected milk (4.0% FCM) formula, which standardizes milk yieltheenergy output

of a cow producing milk with 4.0% fatTo develop the 4.0% FCM formula, Gaines and
Davidson (1923) used the heats of combustion for milk fat (&ca8g) and milk solids
nonfat (SNF; 4.0%cal/g) to create coefficients for milk yield (kg/d) and milk yeeld

(kg/d). The final 4.0% formula is presented in Equation 6.

4.0% FCM = (0.40 x kg milk) + (15.00 x kg milk fat) (6)

There is one major flaw associated with this equation. By using only one coefficient for
milk SNF, Gaines and Davidsqi923) assumed that milk lactose, protein, and ash are
always present in the same ratio in milk. However, as shown in Table 2.5, the percentages
of milk lactose, protein, and ash vary by cow breed and can even vary by individual cow
(Harding, 1999). Thidslaw may lead to over or und@redictions in 4.0% FCM if the

actual ratio of milk lactose, protein, and ash deviates from the ratio proposed by Gaines
and Davidson (1923). Although this flaw is present in the 4.0% FCM equation, this
formula is still usd in the dairy industry to predict FE because differsincenilk energy

output are typically related to differe@s in milk fat content, which amgppropriately

accounted for in this equation (Erdman, 2011).
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3.5% FatCorrected Milk

One of the mostommonly used numerators in the dairy FE ratio is the 3.5% fat
corrected milk (3.5% FCM) formula which was derived from the 4.0% FCM equation
(Erdman, 2011). Gaines and Davidson (1923) developed a FCM equation standardized to
4.0% milk fat because this ke fell between the milk fat content of Holstein (3.4%) and
Jersey (5.4%) breeds. However, average dairy cows in the United States today do not
produce 4.0% milk fat. Instead, U.S. dairy cows tend to produce approxim&®iip3.
3.80% (average 3.5%nilk fat due to2 main reasons. First, a 3.5% milk fat value is more
closely related than 4.0% to the average milk fat percentage for the Holstein breed and,
currently,85-90% of the cows in the United States are Holste@epper et al., 2009
Second, may genetic advancements have been made within the last century that have
enabled cows to produce more milk over time; however, the caveat to this improvement is
that dietary energy is being allocated for milk volume and milk fat concentrations decrease
(Blayney, 2002). Because of these reasons, the 3.5% FCM formula was adapted from the
original 4.0% FCM formula to provide a standardized milk yield tedterrefleced the
current U.S. dairy idustry (Erdman, 2011). Similao the 4.0% FCM formula, heaf o
combustion values (kcal/g) for milk fat and SNF were used to develop coefficients for milk
yield (kg/d) and milk fat yield (kg/d), respectively. The formula for 3.5% FCM is provided

in Equation 7.

3.5% FCM = (0.4318 x kg milk) + (16.23 x kg milk fat) (7)
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Because it was derived from the 4.0% FCM formula, the 3.5% FCM intrinsically possesses
the same flaw as the 4.0% FCM formula discussed previously; the 3.0% FCM formula
assumes a constant ratio of milk lactose, protein, and ash in the SNF contafk of m
(Erdman, 2011). However, it is important to note that milk fat content fether that has

the greatest effect on milk energy output; therefore, the 3.5% FCM formula is still a

reasonably accurate indicator of milk energy output.

SolidsCorrectedMilk

In 1965, Tyrell and Reid developed a new standardized milk formula that aimed to
address the inherent flaw associated with the 4.0% FCM formula by appropriately
accounting for all components of milk. To develop the new equation, Tyrell and Reid
(1965) anlyzed milk samples from 42 cows that varied in composition in order to establish
heats of combustion for each milk compongsihg an oxygeitbomb, adiabatic calorimeter
and determine the relationship between milk composition and overall milk yield. Tyrell
and Reid (1965) concluded that milk energy output is dependent on the content of lactose,
fat, and protein in the milk; however, milk ash content did not affect milk energy @asgput
ash has no heat of combustiobdsing the heats of combustion for eacitkrnomporent
determined in their studyyrell and Reid (1965) developed a new equation to predict milk
energy output using coefficients for milk fat content, milk SNF content (lactose and
protein), and overall milk yield. The equation developed by Tynetl Reid (1965) is

known as the solidsorrected milk §CM) formula andt is shown in Equation 8.

SCM = (12.3 x Ibs milk fat) + (6.56 lbs SNF)0.0752 x Ibs milk) (8)
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In regardo predicting milk energy outputs, the SCM formula has been showretbdiger
predication equation compared to the 4.0% FCM formula, especially at more extreme
levels of milk fat content (Erdman, 2011). However, the SCM formula still contains an
inherent error regarding the assumed milk lactose, protein, and ash thE@INF content

of milk (Erdman, 2011). Regardless of its improvement compared to the 4.0% FCM
formula, the SCM formula is still not utilized as frequently as the 3.5% FCM equation to

standardize milk yield.

EnergyCorrected Milk

The last equation thdas been developed to standardize milk yield based on milk
composition is the energgorrected milk ECM) formula (Erdman, 2011). Based on the
regression equations developed by Tyrell and Reid (1965), the ECM formula was created
by the Dairy Herd Improement AssociationOHIA) to standardize milk yields for
lactation records based on 3.5% milk fat and 3.2% milk protein (DRMS, 2011; Erdman,

2011). The ECM formula is presented in Equation 9.

ECM = (12.95 x |bs milk fat) + (7.65 x Ibs milk protein)8.327 x Ibs milk) (9)

Although the ECM individually accounts for milk fat and protein, the coefficient for overall
milk yield still contains the inherent error regarding the assumption of a constant milk
lactose to ash ratio in the SNF content ofknjfiirdman, 2011). However, lactose and ash
concentrations in milk are fairly constant; therefore, the inherent error in the ECM equation

is relatively small compared to the errors present in the 4.0% FCM, 3.5% FCM, and SCM
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equations (Erdman, 2011). Besauthe ECM formula provides adequate milk energy
output predictions, it is one of the most widely utilized milk standardization equations in

the U.S. dairy industry (Erdman, 2011).

Dairy FE Ratio Denominator
Dry Matter Intake

Although there may be sondéscrepancies regarding the numerator of the dairy FE
equation, the universal denominator of the dairy FE equation is DMI (Erdman, 2011). DMI
was selected as the denominator of the FE equation because, in lactating cows, DMI
represents thivodfi ¢ o0 s praduciod any given quantity and composition of milk.

In all animals, feed is digested into utilizable nutrients which are partitioned to
various body tissues depending on the anim
1980). First and foremost, the body utilizes nutrients for maintenance functdngasu
turningover body tissue and replenishing body stores (Field and Taylor, 2012). If
additional nutrients are supplied in the diet, the animal can utilize these nutrients for
functions such as growth, pregnancy (fetal development), and/or lactatedd @nd
Taylor, 2012). Forfirst-lactaton cows, dietary energy is first allocated to fulfill
maintenance requirements; however, remaining dietary energy is partitioned to both milk
production and growth, because these animals have only reached applyxBb&b of
mature body weight (Field and Taylo2012; NRC, 2001). For secctattation and
beyond cows, dietary energy is used to fulfill maintenance requirenagidisional growth
requirements (second and third parity s@xhibit minimal growth)as wél as the energy

demands of lactation (Field and Taylor, 2012). In both cases, it is extremely difficult for
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earlylactation cows to consume enough energy from the diet; therefore, these cows are
considered to be in a negative energy balattB( in which they utilize their body
reserves to support lactation (Field and Taylor, 2012; NRC, 2001). &dtirlactation,

milk yield slowly decreases until the dojf period while DMI remains fairly constant
(NRC, 2001). During this period, cows are considdrebe in a positive energy balance
(PEB) in which dietary energy is apportioned to replenish body stores as well to support
the subsequent pregnancy (Field and Taylor, 2012). The transition between NEB and PEB

throughout lactation is depicted below igire 2.5 (NRC, 2001).

Figure 2.5 Transition between NEB and PEB throughout lactation baset(8 FCM
yield! and DMP.
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Although dietary nutrients are needed to support several different functions in dairy cows,
dairy FE is dependent on the allocation of nutrients between maintenance atdriact
energy demands (VandeHaar andP&frre, 2006). Regardless of feed intake, the
maintenance requirement of a dairy cow remains constant; however, as the cow consumes
more feed, more energy is allocated to milk production (VandeHaar e, 206).
Essentially, as a cow consumes more feed, a smaller portion of the feed energy is
partitioned to maintenance requirements and a larger portion of the feed energy is
partitioned to milk production, as shown in Figure 2.6 (VandeHaar afie8t, 2006)

This dilution of maintenance effect is important for improving dairy FE because a small
increase in DMI (denominator) can cause a significant increase in 3.5% FCM (numerator)
which, in combination, results in improved dairy FE.

Figure 2.6. Dilution of maintenance effect on energy partitioned to maintenance and
lactation requirements in a 6Kg lactating dairy cow.
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Although increasing feed intake increases milk productioere is a caveat to the
dilution of maintenance effect; increased feed intake results in decreased feed digestibility
(VandeHaar and SRierre, 2006). Based on a review by VandeHaar aiitieste (2006),

decreases in digestibility can be predicted gigiquation 10.

Digestibility Decrease = 4.0% x (Multiple of Maintenarici)®-&° (10)

Based on this equation, diet digestibility decreases by 4.0, 7.0, and 9.6% for 2X,
3X, and 4X maintenance (X), respectively (VandeHaar aRie€Ste, 2006). For example,
if the energy digestibility of a diet at maintenance feeding is 67.0%, the eneeg¥ildiigy
of the same diet fed at 4X maintenance would be 57.4%. Essentially, as more feed is being
ingested and passed through the digestive tract of the cow, fewer nutrients are being broken
down and absorbed by the animal (VandeHaar arfeie3te, 206). Although Equation
10 provides an adequate prediction of decreases in diet digestibility, the datelioé in
dietdigestibilityis dependent on the source(s) of dietary energy (Vande Haar-&mnel &,
2006). Thus, decreases in diet digestibilitsty fluctuate based on ration ingredients such
as grains and forages (Erdman, 2011; VandeHaar aRieBe, 2006). Based on the
concept of dilution of maintenance and the resulting decrease in diet digestibility, it is more
important to optimize, not maxize, DMI in order to ultimately improve dairy FE
(Heinrichs et al., 2016; VandeHaar anePstrre, 2006).

In conclusion, DMI serves as the denominator of the dairy FE ratio because it

represents the metabolic AcoeraticoofBAMyd | k pr
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(kg/d) to DMI (kg/d), one can estimate the efficiency at which feed nutrients are being

utilized for milk production purposes (Connor, 2015).

Calculating and Utilizing Dairy FE Values

After calculating ECM vyield (kg/d) and DMI (kd) from onfarm production
measurements, FE ratios can be calculated by dividing ECM by DMI (Ishler, 2014). High
FE values are desired as the ratio is cé
aforementioned FCRs whichdarceé sdalsoulaasemal &
preferred (FAO, 2010; Ishler, 2014). Typically, dairy FE ranges between 1.30 and 1.80 for
lactating cows on U.S. dairies (Ishler, 2014).

Once a producer has calculated FE for an individual cow or cohort of cows, the
producer an assess the efficiency of the cow or group of cows by comparing the calculated
FE to established FE benchmarks shown in Table 2.6 (Hutjens, 2007; Ishler, 2014).
Calculated FE values that fall below the established benchmarks for a specified group of
cows may encourage a producer to elicit changes ihéh& and/or operation in regal
management, dietary, or genetic strategies in order to improve their herd efficiency

(Heinrichs et al., 2016).

Table 2.6 Dairy FE benchmarks established by Hutjen®{@0

Group Days in Milk FE!

One group, all cows 150 to 225 14t01.6
Primiparous cows <90 1.5t0 1.7
Primiparous cows > 200 1.2to 1.4
Multiparous cows <90 1.6t0 1.8
Multiparous cows > 200 1.3t0 1.5
Fresh cows <21 1.3t01.6
Problemherds/groups 150 to 200 <1.3

IFE = ECM (kg/d) divided by DMI (kg/d).
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2Primiparous cows are cows in their first lactation.
SMultiparous cows are cows in their second or beyond lactation.

Additionally, producers may use calculated FE values to skleatore efficient
cows within their herd to improve the FE of the current and/or future herds (Heinrichs et
al., 2016). Ultimately, FEEanserveasa diagnostic tool for dairy producers to use to select
efficient cows within a herd and/or implement magagnt, dietary, or genetic strategies
to improve the FE and, subsequently, profitability of their dairy operation (Heinrichs et al.,

2016).

Advantages of the FE Ratio

There are several advantages to utilizing the FE ratio to estimate FE of dairy cows.
First, FE ratios are the simplest method used to estimate FE and, because of their simplicity,
they are widely utilized in the U.S. dairy industry (Arndt et al., 2015; Connor, 2015;
Heinrichs et al.,, 2016). In the poultry, swine, and beef industries, RC&she
predominant method used to calculate FE and the most similar approach utilized by the
dairy industry is the FE ratio (Linn, 2006). Although the dairy FE ratio is more complex
as it includes3 product parameters (milk yield, milk fat yield, andlknprotein yield)
compared to the one product parameter (body weight) utilized by FCR calculations, it is
still relatively simpe compared to other methods that have been established to estimate
dairy FE such as IOFC or RFI (Connor, 2015; Linn, 2006).iIkdnDFC calculations that
require current feed and milk costs and RFI that requires predictive modeling, FE ratios
are simply calculated as the ratio of standardized milk to feed intake based on the following
onfarm parameters: milk yield, milk fat perage, milk protein percentage, and DMI

(Beck and Ishler, 2016; Connor, 2015; Erdman, 2011). Once all of the necestamyon
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data hae been collected and recorded, FE ratios are easy to calculate and interpret which
attributes to their popularity amomwigiry producers (Ishler, 2014; Linn, 2006).

The second major advantage of dairy FE ratios is that general benchmarks have
been established such that a dairy producer can utilize FE ratios on their operation as both
diagnostic and selection tools (Heinrictsal., 2016). As shown in Table 2.6, dairy FE
benchmarks have been created so that producers can compare individual cows or cohorts
of cows within their herd to suggested FE guidelines based on the age and stage of lactation
of the cow(s) (Heinrichs &dl., 2016). These benchmarks allow producers to utilize FE
ratios as a diagnostic tool to select efficient cows within a herd and/or implement
management, dietary, or genetic strategies to improve the FE of their herd (Heinrichs et al.,
2016). For exampl a dairy producer calculates the FE of the fresh cows within their herd
and finds that the average FE of fresh cows is 1.17 (Ishler, 2014). When compared to the
benchmarks established by Heinrichs et al. (2016) in Table 2.6, fresh cows should have a
FE that ranges between 1.30 and 1.60. Therefore, the producer may view the discrepancy
in actual versus suggested FE values as an opportunity to improve the management and/or
dietary strategies of the fresh cows to improveoFtheir operation (Heinrichs et al., 2016;
Ishler, 2014). Thus, established benchmarks allow for FE values to servefason
diagnostic tools of indidual cow or cohort efficiency.

The third major advantage of using milikfeed ratios to estimate daiRE is that
the traits involved in the calculation have shown to be highly heritable for genetic selection
(Cassell, 2009; Holstein Association USA, 2018). Heritability is calculated as the ratio of
genotypi c%)v atroi apnhceen o(t &) ard its valuasrrainge hetween 0.0 and

1.0 (Kempthorne, 1957). In terms of genetic selection, heritabifitygla measure of how
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likely a trait is to be passed down from parents to offspring or a measure of the strength of
relationship between genotype gftenotype (Cassell, 2009). Traits with high heritability

are often used in genetic selection to influence various production characteristics and traits
with a heritability above 0.10 are considered to be advantageous in the genetic selection of
dairy cows (Cassell, 2009; Holstein Association USA, 2018). Ztraits used to calculate

FE are milk yield, milk fat yield, milk protein yield, and DMI and these traits have
heritabilities of 0.30, 0.58, 0.51, and 0.30, respectively, in Holstein dairy cowse(Cass
2009; Holstein Association USA, 2018). Compared to other traits that are currently being
used for genetic selection, such as body condition scéreq(125) or days to first breeding

(h? = 0.04), the traits associated with FE are considerable highitable which means

that FEmay be used to make genetic progress in improved efficiency (Cassell, 2009;
Holstein Association USA, 2018)Although the underlying traits associated with FE are
heritable, it is important to note that the sum of the t(&E9 may not be heritable. Thus,

the heritability of FE itself must be further exploredltimately, using the milko-feed

ratio approach to estimate efficiency allows producers to improve the FE of their current
herd by selecting for high efficiencypws while simultaneously improving the FE of their
future herd because the traits associated with high FE are considerable motierately
highly (h? = 0.307 0.58)heritable (Cassell, 2009; Holstein Association USA, 2018).

The last major advantage of usitigg ratio approach to estimate dairy FE is that
increasing the FE ratio results in more milk produced per unit of feed which has been shown
to reduce feed costs and improve profitability for dairy producers (Casper H2€@8chs
et al., 2016; Tuck, 20)0For example, Erdman et al. (2011) increased the Dietary Cation

Anion Difference DCAD; mEg/g; Na + Ki Cl) concentration of lactating cow diets from
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251 to 336 mEqg/kg using potassium carbonate which resulted in a FE (3.5% FCM per
DMI) increase from 1.8 to 2.00 and translated into a $0.38 reduction of feed cost per cow
per day. As shown in Table 2.7, this $0.38 per cow per day reduction in feed cost would
translate into an annual savings of $13,870 for act®® herd over the span of 365 d

(Erdman et g, 2011).

Table 2.7. Reduction in feed costs due to increased daifyirFE 100cow dairy herd
Dietary Treatment

Item CS CS-DCAD
DCAD? 251 336
DMI, kg 22.7 20.7
3.5% FCM, kg 40.4 41.4
FE 1.78 2.00
Feed Cost, $/1000Rg $265.60  $272.69
FeedCost, $/kg $0.27 $0.27
Feed Cost, $/cowfd $6.03 $5.64
Feed Cost Reduction, $/covi/d . -$0.38
Annual Feed Cost Reductibn . -$13,870.00

!Data adapted from Erdman et al. (2011).

°DCAD (mEqg/kg) = Na + Ki Cl.

3FE = 3.8%6 FCM (kg) per unit of DMIkg).

‘Feed costs ($/1000kg) are based on the May 2011 Northeast cost for the selected dietary
components used in this specific study (Erdman et al., 2011).

SFeed costs ($/kg) = feed costs ($/1000kg) divided by 1000.

®Feed costs ($/cow/d) = feed costs (kg)ltiplied by average DMI (kg/d).

"Feed cost reduction ($/cow/d) = feed costs of ITSAD diet minus the feed costs of CS diet.

8Annual feed cost reduction was predicted asng a reduction of $0.38/cowfdr a 100cow herd

over 365 d.

Using simulatedlata, theoretical changes in feed costs have been regressed drEdairy

values as shown in Figure ZCasper, 2008).
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Figure 2.7. Theoretical changém feed costs ($/cow/8ps dairy FEis improved.
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’Feedcosts = $0.33/kg feed DM.

3Simulated nilk yield and DMI ranged from 30 to 40 kg/d and 20 to 30 kg/d, respectively

Based on Figure 2, improving FE from 1.80 to 2.00 results in a $0.46/cow/day reduction

in feed costs which is consistent with the aforetiomed Erdman et al. (2011) projection

of a $0.38/cow/day reduction in feed costs as FE increased from 1.78 to 2.00 (Casper,
2008). Increasing the FE ratio values does result in economic improvements for dairy
producers; thus, estimating FE using this rapph can be advantageous for dairy
producers.

In summary, utilizing the FE ratio to estimate dairy FE is advantageous for dairy
producers as the ratio method 1) is simple to calculate and easy to interpret, 2) has
established benchmarks so FE can be aseddiagnostic or selection tool for an individual
cow or a cohort of cows, 3) contahproduction parameters that are moderatelfiighly
heritable which promotes future genetic improvements in FE, and 4) has a practical

application that can be utikzl to help dairy producers improve their profitability.
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Disadvantages of the FE Ratio

First and foremost, the biggest disadvantage of using the FE ratio is that DMI is
used as the denominator of the equation @kt on individual cows is rarely measured
on most dairy operations (Connor et al., 2013; Faverdin et al., 2017; Halachmi et al., 2004).
Unfortunately, most dairy operations do not have the time, labor, or financial resources to
measure DMI on an individual cow basis (Halachmi et al., 2004). fdrerehe vast
majority of dairy cows are fed in large groups such that the DMI of an individual cow
within a group is unknown (Halachmi et al., 2004).

One way to overcome the lack of individual cow DMI measurements on farm is to
estimate DMI using mathertieal models (Halachmi et al., 2004). Several published DMI
equations exist and these equations were developed using ar®mimon approaches:

1) DMI can be estimated by accounting for energy sinks such as milk and milk component
production because cowsnsume feed to meet their energy requirements or 2) DMI can
be estimated using regression analysis with dietary and production parameters included in
the estimation model (Krizsan et al., 2014; NRC, 2001). Regardless of the method used to
estimate DMl the following parameters are commonly used in DMI equations: milk yield
(kg/d), milk fat yield (g/d), milk protein yield (g/d), BW or metabolic BW(kg), and

week of lactation\(VOL) (Krizsan et al., 2014; NRC, 200Rloseler et al., 1997). For
examplethe DMI estimation equation published by the NRC (2001) is one of the most
commonly utilized and studied energgsed DMI equations and it is shown below in

Equation 11.

DMI (kg/d) = (0.372 x FCM + 0.0968 x B x (1 - el0-192x(WOL+3.67) (11)
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Although the 2001 NRC DMI equation is widely utilized, recent studies have
evaluated the 2001 NRC DMI equation and have found that it displays mean prediction
biases (Huhtanen et al., 2011; Jensen et al., 2013; Zom et al., 2012). For example, Krizsan
et d. (2014) found that the 2001 NRC DMI equation epeedicted DMI when compared
to actual DMI Conversely, Rim et al. (2008) evaluated the 2001 NRC DMI equation using
data from commercial farms as well as controlled experiments and found that, in both
cass, the equation undestimated DMI. In heifers, Hoffman et al. (2008) found that the
2001 NRC DMI equation ovesredicted DMI in heavy Holstein and crossbred heifers, but
underpredicted DMI in light Holstein and crossbred heifers. In summary, the RBCL
DMI equation has been shown to result in biased estimations of DMI; thus, new DMI
estimation equations have since been developed in hopes of correcting for prediction
biases.

In addition to estimating DMI based on energy outputs, it may be possible to
estimate DMI based on nitrogeN)(outputs (Van Horn et al., 1994). To understand the
method in which DMI could be estimated from N outputs, a brief review of ruminant
protein metabolism is provided.

There are3 types of protein (or N) sources in the tdief dairy cows: rumen
undegradable protein (RUP), rumen degradable protein (RDP), argrot@m nitrogen
(NPN) sources (Van Soest, 1982). As its name suggest, RUP bypasses the rumen and is
subsequently broken down to amino acidé ) and peptides whitare absorbed in the
small intestine and can be utilized for multiple metabolic processes, including milk

production (Kohn, 2007). If not required for milk synthesis, excess AA and peptides are
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shuttled to the liver where they are deaminated and thesagnoips () are converted to
urea which becomes part of the animal 6s bl c
is degraded to AAwhich are used for ammonia (NH4production by rumen bacteria
(Kohn, 2007). The ammonia diffuses across the rumédhand is rapidly converted to
urea in the liver as ammonia is toxic to the cow (Kohn, 2007). This urea is added to the
cowds bl ood urea pool . Lastl vy, NPN can be
rumen as well and this ammonia is also diffuaetbss the rumen wall and converted to
urea by the | iver (Kohn, 2007). Thus, NP N
Once in the blood urea pool, urea can be recycled via galitvee rumen or it can
diffuse across the rumen wall directly into tikenen to be utilized by bacteria to synthesize
rumen microbial proteinMCP) which is degraded and absorbed in the small intestine of
the cow (Kohn, 2007; Van Soest, 1982). In addition, urea can be filtered out of the blood
via the kidneys and it is exceat via urine production (Kohn, 2007). Lastly, urea can be
secreted into milk which occurs because urea is constantly diffusing in and out of the
mammary gland (Kohn, 2007). The concentration of urea in the blood dictates the amount
of urea that diffusemito the mammary gland as well as the amount of urea that is excreted
via urine (Kohn, 2007). Thus, MUN is proportional to blood urea nitro§&mN) and
MUN has been shown to be linearly related to total urinary N excretion (Broderick and
Clayton, 1997; &zuk and Gebregziabher, 1994; Jonker et al., 1998; Kohn; RoGéler
et al., 1993).
Several studies have shown that there is a robust relationship between N intake and
N output in lactating dairy cows (Jonker et al., 1998; NRC, 2001, Van Horn £99dL.).

Research has shown that dairy cows secrete approximatedp Zfercent of their
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consumed N into milk while the majority of the remaining N is excreted in urine and feces
(NRC, 2001). Van Horn et al. (1994) explored the relationships between cashdiiand

milk, urinary, and fecal N outputs and reported that urinary and fecal N excretions can be
estimated by subtracting the milk N concentration from the concentration of N consumed
(NRC, 2001). Similarly, Jonker et al. (1998) found that the N intakebe estimated using

milk and urinary N (UN) concentrations in which milk N was calculated as a function of
milk yield (kg/d) and the crude protein percentage of milk and UN was estimated as a
function of MUN. Based on these concepts, it is possilaie@MI can be estimated on an
individual cow basis if the amount of excreted N in the milk, urine, and feces are known
or estimated (Jonker et al., 1998). The estimation of DMI on an individual cow basis based
on N excretion is the focus of the experimiatured in Chapter 3 of this dissertation.

The second major disadvantage of using the FE ratio to estimate FE of individual
dairy cows is that several factors have been shown to affect the FE. The effect of the
following factors on FE will be discuss@ddetail below: stage of lactation (days in milk;
DIM), parity, individual cow variation in production parameters (milk yield and milk
composition), BW, calving month, dietary energy concentration (net energy of lactation
NEL; Mcal/kg), dietary neutral dergent fiber NKDF) concentration (%), and dietary crude

protein CP) concentration (%).

Stage of Lactation

One of the most important biological factors that has been shown to affect dairy FE

is the stage of lactation of the dairy cow-Bs¢rre, 2012).In 1967, Wood defined the
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curve of an average lactation by developing an equationl®cthat predicted average

daily milk production based on week of lactation (n) 8mdefficients (A, b, and c).

Average Daily Milk Yield Prediction @ = Ane® (12)

Using the Wood equation as a basis, Kellogg et al. (1977) developed gamma curve
equations to investigate the effect of parity on lactation curve coefficients and found that
parity significantly affect® lactation curve coefficients: A and c. $eal other articles
have been published that suggest that lactation curves are affected by parity (Jingar et al.,
2014; Nasri et al.,, 2008Wood, 1970, Wood, 1980). Based on these results, lactation
curves tend to be discussed in relation to the paritlyeofiairy cow.

In regard to dairy FE, stage of lactation has a huge impact on FE values because

daily milk yield and DMI change inversely over tings shown below in Figure 2.8

Figure 2.8. Changes i%.0% FCM and DMP throughouthe first 45 weeks dfctation.
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!Data for 4.0% FCM was adapted from the NRC (2001).
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2DMI was generated based on the following equation: DMI (kg/d) = ((0.372 x 4.0% FCM + 0.0968
X BWO'7%*(1-('O‘192 x (Week of Lactation + 3.@5 (N RC, 2001)

As presented in Figure &. milk production peaks at approximatelyweeksinto the
lactation. During this time, cows are mobilizing their body tissue stores in order to meet
the highenergy demands of milk production as the nutrient intake from feed is insufficient
(Erdman, 2011NRC, 2001). After peak milk yieJdmilk production steadily decreases
for the remaining portion of the lactation. At approximagety 12 weeksDMI peaks and
it will eventually reach a plateau. During this time, cows are consuming more DMI than
previously in order to replenish the body stores that were lost during peak milk production
and to continue to support the remaining lactation energy demands (NRC, 2001).
Because milk production peaks at the beginning of lactation and then steadily
decreasesvhile DMI peaks later in lactation, dairy FE is highest at the beginning of
lactation and decreases over timeR&irre, 2012).Figure 29 shows the expected R
various stages of lactation. Dairy FE is 1.90, 1.12, and 0.87 at weeks 1, 25, and 45 of
lactation, respectively. &ed on thigigure, it is clearly evident that the stage of lactation

has a great impacin dairy FE.
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Figure 2.9. Decreases in dairy EEhroughout the first5 weekf lactation.
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1Dairy FE \alues were calculated using the 4.0% FCM Bl data(NRC, 2001)presented in
Figure 2.8.Here, dairy FE 24.0% FCM(kg/d)/DMI (kg/d).

E (4.0%FCM/DMI)

Dair

Parity

Similar to stage of lactation, the parity of the dairy cow also affects milk production
(Field and Taylor2012). Lee and Kim (2006) found that there was a significant linear
increase in the average 368y milk production from first (8,431 kg) to fourtctation
(10,812 kg)Holstein cows. The differences in milk production between primiparous (first
lactaton) and multiparous (second lactation or beyond) dairy cows can be attributed to the
fact that primiparous cows are still growing; thus, a portion of their energy intake is
partitioned to growth instead of milk production (NRC, 2001). In addition to isairtg
nutrients towards growth, primiparous cows are also typically smaller in stature and BW
compared to multiparous cows, which results in reduced DMI as shown in Figlre 2.1
(NRC, 2001).
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Figure 2.10. Changes in DMI throughout the fird weeksof lactation for multiparous
and primiparouscows.
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IDMI was generated based on the equation: DMI (kg/d) = ((0.372 x 4.0% FCM + 0.0968 x
BWo.75)*(1_(-0.192x(Week of Lactation +3.ﬁ§ (NRC, 2001) Where BW = 650 kg.

°DMI was generated based on tbguation: DMI (kg/d) = ((0.372 x 4.0% FCM + 0.0968 x
BWo.75)*(1_(-0.192x(Week of Lactation +3.ﬁ§ (NRC, 2001) where BW = 500 kg.

Because primiparous cows arsinga portion of their nutrient intakes towards growth in
combination with the fact thalhey also consume less feed than multiparous cows, it is no
surprise that FE is higher in multiparous cows compared to primiparous cows (Heinrichs
et al., 2016; Maulfair et al., 2011; NRC, 2001).

Parity also affects the lactation curves of the dairysofs shown in Figure 2.12,
the lactation curve of a primiparous cowas/er andrelatively flater compared to that of
a multiparous cow (Kellogg et al., 1977pDifferences in the lactation curves between
primiparous and multiparous cows are, in lapget, due to differences in the synthetic
capability of the mammary gland (Miller et al., 2006). Essentially, milk production is a
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function of the quantity and activity of secretory cells in the mammary gland (Capuco et
al., 2001; Miller et al., 2006). Mer et al. (2006)eportedthat primiparous cows had a
significantly lowerdensity of mammary secretory cells as compared to multiparous cows
which may explain the lowered milk production observed in primiparous dairy cows. In
addition, Miller et al. (R06) reported that the expression of specific genes related to
mammary metabolic activity was decreased in early lactation in primiparous cows
compared to multiparous cows, suggesting that the mammary gland of primiparous cows
is less metabolically activeompared to multiparous cows. This observation further
explains the decreased milk production in early lactation in primiparous cows as compared
to multiparous cows (Miller et al., 2006).

Throughout lactation, mammary secretory cells undergo apoptogisggrammed
cell death, which reduces the number of viable secretory cells and consequently reduces
milk production (Capuco et al., 2001; Miller et al., 2006). Miller et al. (2006) reported that
the secretory cells in primiparous cows had a greatercitgar cell renewal throughout
lactation as compared to multiparous, resulting in a higher persistency in milk production
during midto-late lactatiorfor primiparous cows as compared to multiparous cows. This
result may explain the relatively flat sleapf the primiparous lactation curve compared to
the more dynamic lactation cureghibited by multiparous cows.

Thus, differences in mammary secretory cell number and activity may contribute
to the differences in lactation curves observed betweeriparous and multiparous dairy

cows (Capuco et al., 2001; Miller et al., 2006).
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Figure 2.11. The effect of parity on the lactation curves of a Holstein‘cow
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Milk yield was calculated based on estimated lactation curves reportéellbyg et al.
(1977) for ce'wWA B ahdc =(cdefficents twieekof lactation).

In this example, milk yield peaked at 24.9 kg/d during the first lactation and 45.5
kg/d for the third lactation (Kellogg et al., 1977). Using paaitjusted DMI prediction
equations from the 2001 NRC, the predicted DMIs during the second month of lactation
were 16.46 kg/d and 19.48 kg/d for the first and third lactation cows, respectively. Using
these DMI predictions, the ratio of milk yield to DMI widube 1.51 and 2.33 for the first
and third lactation cows, respectively. Although the ratio of unadjusted milk yield to DMI
is not the most appropriate calculation for dairy FE, this data does suggest that parity affects
overall milk production, which ia large component of the ECM equation. Therefore, it is
highly likely that parity would affectlairy FE as both DMI and milk production are

affected along the shape of the lactation curve.
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Individual Cow Variation in Production Parameters

Due to advacements in the genetic selection of dairy cows, individual cows are
now able to produce more than 20,000 kg of milk per lactation and the amount of milk
produced per cow per lactation has more than doubled during the last 45 years (Oltenacu
and Broom, 20Q). Although these genetic improvements have impacted the U.S. Holstein
population as a whole, large individual cow variation still exists for several production
parameters such as milk production and DMI dugewetic§¥Connor, 2015; Shonka and
Spurlock, 2013; SPierre and Weiss, 2009). In particular, Moyes et al. (2009) reported
that the large individual cow variation can be attributed to factors such as breed/genetics,
parity, stage of lactation, and season.

In regard to milk productior® distinct production classes exist: high producing and
low producing dairy cows. Compared to low producing dairy cows, high producing dairy
cows have higher FE because high producing cows have a larger dilutemdafsed for
maintenance. Therefore, high producing cows allocate a smaller proportion of their energy
intake towards meeting maintenance requirements, but partition a larger proportion of
energy intake to support milk production (Linn, 2006). In a dairy FE revigdman
(2011) estimated the effects of production level on dairy FE using averagea®05
production records from the 2009 herd summary from W&DA, ARS, Animal
ImprovementProgramLaboratory AIPL ; Beltsville, MD). Erdman (2011) used the herd
summary dta to group herds into 8050" 70", and 98 percentile groups, in which a
higher percentile indicates higher milk production. Erdman (2011) estimated that the 150

day dairy FE values were 1.43, 1.49, 1.55, and 1.63 f&r3®', 70" and 98" percentile
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dairy herds, respectively. Thus, milk production levels affect ECM yield and dairy FE
such that dairy FE is highest in high producing dairy herds (Erdman, 2011).

In addition to overall milk yield, differenceamongcows in regard to milk
compositon also affect dairy FE. The numerator of the dairy FE is ECM which is
calculated based on milk yield, milk fat yield, and milk protein yield (Connor, 2015;
Heinrichs et al., 2016; Ishler, 2014). Thus, differences in milk fat and protein
concentrationsmpact overall dairy FE. For example, Rico et al. (2014) conducted an
experiment which examined the effects of fat source (palmitic or stearic acid supplement)
on production parameters in lactating dairy cows and found that increasing dietary fat with
palmitic acid significantly increased milk fat percentag®e= 0.01) from 3.55 to 3.66%
which subsequently increased ECM vyield from 46.1 to 47.7 Kg/d 0.01). Because
overall milk yield (kg/d) was not significantly affected by dietary treatmBnt 0.22),it
can be concluded that the significant increase in milk fat percentage resulted in a significant
increagin ECM (Rico et al., 2014). In addition, DMI was not affected by dietary treatment
(P = 0.39). Because the numerator of the FE equation (ECM}igasicantly affected
by fat supplemeationwhile the denominator remained similar between treatments, it can
be hypothesized that dairy FE would have been affected by treatment in this study (Rico et
al., 2014). Thus, it is evident that altering nfait concentration and/or milk fat yield can
significantly affect dairy FE (Rico et al., 2014).

Similarly, altering milk protein concentrations may also affect FE as milk protein
concentration is used to calculate ECM, the numerator of the FE ratio (Heinrichs et al.,
2016; Ishler, 2014). One strategy that has recently been implemented to incexatie ov

milk protein concentration and yield is to formulate dietary rations to meet metabolizable

51



protein requirements instead of overall CP concentrations (Overton, 2016). In addition,
supplementation aumenprotected forms afmethionine and lysine hadso beershown

to increased milk proteigield (Overton, 2016; Vyas and Erdman, 2009). For example,
Vyas and Erdman (2009) reported that increasing methionine intake from 30 to 70 g/d and
lysine intake from 85 to 200 g/d resulted in an approximatelygdd@nd 550 g/d increases

in milk proteinyield, respectively. Regardless of the approach utilized, increases in milk
protein concentration and yield theoretically result in increased ECM yields, which may
significantly improve overall dairy FE (Heinrichs et al., 2016; Ishler, 2014).

Although itmay not directly affect dairy FE, dairy producers can utilize milk urea
nitrogen MUN; mg/dL) concentrations in milk to estimate the overall status of protein
metabolism in dairy cows (Isler, 2016). As previously discusdéetN is a measure of the
urea CH4N20) concentrationn milk andMUN is strongly correlated to the concentration
of urea present in the cowds blood (I shle
observed an increase in MUN concentrations when dietary protein concentration was fed
in excess and a decreased in MUN concentrations when dietary protein concentration was
limited. Thus, MUN can be utilized by dairy producers as a tool to estimate protein status
in the animal (Ishler, 2016; Kohn, 2007; Roseler et al., 1997). Because $ibdidative
of a cowbdbs protein status and her protein
concentrations could be highly correlated 1

be further explored in this dissertation.
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Body Weight (BW)

In addition to individual cow variation and production parameters, BW has also
been shown to affect dairy FE. Research has shown that although larger cows may be able
to produce more milk compared to smaller cows, FE tends to be inversely related to BW
(Linn, 2006; VandeHaar et al., 2016). For example, Linn (2006) compared the FE (3.5%
FCM per unit of DMI) of smaller cows to larger copsoducing the same milk quantity
(34.0 kg/d with 3.6% milk fatpnd found that FE decreased from 1.52 to 1.30 as BW
increased from 544 to 816 kg. The decreased FE is a result of increased DMI as the larger
COows require more nutrients to meet maintenance requirements compared to smaller cows
(Linn, 2006; NRC, 2001). Thus, increasing BW increases maintenance requiremehts whic
can result in increased feed intake and rec

(Heinrichs et al., 2016).

Calving Month

The month in which a cow calves and enters milk production can have a significant
impact on dairy FE due to environmahteffects that influence production parameters
(Torshizi, 2016). For example, heat stress has been shown to lower milk production by 25
to 40% due to a reduction in DMI (Tao et al., 2018; Torshizi, 2016). Thus, cows that calve
during hot, summer montlend to have decreased milk yield and milk composition which
can result in decreased FE. Torshizi (2016) examined the effects of season of calving on
genetic and phenotypic production parameters and found that cows that calved in autumn
and winter had higer levels of milk production compared to cows that calved in spring

and summerK < 0.05). Although FE was not reported, increased milk production
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increases ECM in the dairy FE ratio which may result in increased FE. Utrera et al. (2013)
evaluated the feects of calving season on milk yield and efficiency (calculated as a
function of standardized milk yield and BW) and found that cows that calved during
months with cooler temperatures had significantly higher milk production (kg/d) and
efficiency comparé to cows that calved during warmer month8ased on these
experiments, it is apparent that calving month affects production parameters and,
subsequently, dairy FE.

In addition to heat stress, photoperiod has also been shown to affect FE in dairy
cows (Dahl et al., 2000). Photoperiod is the period of time per day in which a cow is
exposed to natural or aitifal light (Dahl et al., 2000). Natural photoperiod length varies
depending on the time of year such that shast photoperiods occur betweeap&mber
and April and longday photoperiods occur between May and August in the U.S. (Dahl et
al., 2000).Research has shown that cows exposed tedaygphotoperiods (16 to 18 h of
light/d) produced an average of 2.5 kg/cow/d more milk compared to expesed to
shotday phot oper i od due{o®hariggs infendacfine mdchphisms that
regulate lactation (Dahl et al., 200Because calving month dictates the month in which
a cow enters lactation, it is possible that cows that calve dororghs associated with
long-day photoperiods may have increased milk production, and subsequently FE,
compared to cows that calve during months associated withddnphotoperiods (Dahl
et al., 2000). Thus, calving month may indirectly affect dairyaBH is confounded with

photoperiod effects on lactation.
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Dietary Energy Concentration (NEL)

Typically, a cowds energy requirements

expressed together in net energy of lactatiBL( units (NRC, 2001). Gnapproach to
increasing the energy density of a lactating dairy cow ration is to increase the dietary fat
concentration. Because dietary fat (9.3 kcal/g) is more energy dense than either
carbohydrates (4.1 kcal/g) or protein (5.65 kcal/g), increasinfattmncentration of the

diet of a lactating cow (by reducing the carbohydrate concentration) would provide more
energyper unit of feedhat can be utilized for milk production purposes (NfEnetti et

al., 2001; Weiss and Piné®driguez, 2009; Zou eat., 2007).

Studies have shown that increasing the fat concentration in the diet has resulted in
increased milk fat percentage, milk production, and dairy FE (Karimian et al., 2015; Lock
et al., 2013; Rabiee et al., 2012). Using a ragtalysis and metgegression ggoach,
Rabiee et al. (2012) reported that milk and milk fat production increased while DMI
decreased in response to dietary fat supplementation; therefore, fat supplementation
increased dietary energy density which resulted in improved FE. Similarli, etoal.

(2013) reported that fat supplementation resulted in decreased DMI (kg/d), increased fat
percentage and yield (kg/d), and subsequently, increased dairy FE. Lastly, Karimian et al.
(2015) reported that the addition of a dietary fat supplemenliedsim decreased DMI
which translated into increased milk efficiency (4.0% FCM/DMI). Based on this evidence,
it can be concluded that increasing dietary energy concentration through dietary fat
supplementation results in improved dairy FE through chamgemilk yield, milk

composition, and/or DMI.

55



Dietary Neutral Detergent Fiber (NDF) Concentration

For lactating dairy cows, the most common measure of dietary fiber is neutral
detergent fiberNDF) and NDF is comprised & major structural components of plant
cell walls: hemicellulose, cellulose, and lignin (NRC, 2001). Adequate dietary BDF (
least 2533% of diet DM) is required for maintaining proper rumen health and buffering
capacity of the cow (NRC, 2000Oba and Aken, 2009. Althoughcows require sufficient
dietary NDFto maintain proper rumen function and maximize production, excess dietary
NDF has been shown to decrease Dibéicause of the physical limitation of rumen fill
(Kendall et al., 2009Dba and Allen, 20®). As a result of decreased DMI, milk production
and milk fat yield also decrease as dietary NDF concentration increases (Kendall et al.,
2009;0ba and Allen, 2009; Ruiz et al., 199%0r example, Kendall et al. (2009) reported
that increasing NDF coeatration from 28 to 32% resulted in significant reductions in
DMI, milk production, and milk fat percentage € 0.05). Similarly, Zhao et al. (2015)
reported that increasing the dietary NRi-starch ratio from 0.86 to 2.34 resulted in a 4.90,
4.90, and4.00 kg/d decrease in DMI, milk yield, and ECM, respectivély<(0.01).
Because DMI and ECM are components of the FE equation, it can be postulated that dietary
NDF concentration may significantly affect dairy FE.

In addition to dietary NDF concentratipNDF digestibility also affects production
parametersuch that increased NDF digestibility increagddl, milk yield, and milk
composition (Kendall et al., 2009; Oba and Allen, 2008pr example, Oba and Allen
(2009) reported that a oaumit increasen NDF digestibility resulted in a 0.17 kg and 0.25
kg increase in DMI and 4.0% FCM yield, respectively. Similarly, Kendall et al. (2009)

reported that increasing NDF digestibility resulted in increased milk and 4.0% FCM
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production. Therefore, it can lsencluded that increasing NDF digestibility can increase
DMI, milk yield, and milk component yields which may increase dairy FE. In summary,

both dietary NDF concentration and digestibility affect dairy FE.

Dietary Protein Concentration

Similar to NDF concentration, dietary crude protefdbR) concentration has also
been shown to affect production responses associated with dairy FE such as DMI, milk
yield, and milk fat yield (Cabrita et al., 2011; Kalscheur et al., 1999; Reid et al., 2015).
DietaryCP(in the form ofRDP)is required by dairy cows to meet the protein needs of the
rumen microbes for microbial fermentation
(MP) requirement (Kalscheur et al., 1999). Because dietary CP concentrationshaffect
rumen environment, production responses can be altered by manipulating the CP
concentration of the diet. For example, Kalscheur et al. (1999) reported that increasing CP
from 13.4 (mean CP% of low CP diets) to 15.3% resulted in increased milknutidat
yield, and 4.0% FCM vyield (Experiment 1Although not reported in thetudy, dairy FE
increased from 1.66 (average of low CP diets) to 1.79 when CP% increased from 13.4 to
15.3% (Kalscheur et al., 1999)n addition, a regression analysis tiknats conducted to
investigate the effects of CP concentration on milk production revealed that increasing CP
concentration resulted in a quadratic milk yield (kg/d) response with maximum milk yield
occurring when CP was 23% of diet DM (NRC, 2001). SinylaBroderick et al. (2015)
reported thaincreasing dietary CP from 15 to 17% resulted in increased milk fat yield and
a trend for increased milk yield. Lastly, Cabrita et al. (2011) reported that increasing

dietary CP from 14 to 16% resulted in increaBddl (kg/d) and milk production (kg/d).
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In summary, CP concentration has been shown to affect both milk yield and milk fat yield
and changes in the@gparameters would most likely result in changes in ECM vyield and,

subsequently, dairy FE.

Relative Inportance of Factors Affecting FE Ratios

Although substantial research has been conducted to explore the effects of various
biological, dietary, and production parameters on dairy FE, the relative importance of each
factor has yet to be determined. Usiagliscriminant analysis approach, the relative
importance of several factors that affearg&E will be determined and #seexperiments

are the focus ofhapter 4 of this dissertation.

Residual Feed Intake

Since its development by Koch et al. in 196%idual feed intakeRFI) has been
used in thepoultry, swine, beefdairy industres as a tool to estimate FE (Berry and
Crowley, 2013; Potts et al.,, 2015). In order to calculate &Flindividual cows,
measurements afdividual cowDMI, BW, milk production and milk compositiomust
be recorded during an established period of time (Macdonald et al., 2014). Once all
measurements have been made, the aelledataareused to estimate DMI using a least
squares multiple regression analysis in wHRHl is calculated as the difference between
actual and predicted DMIConnor, 2015Macdonald et al., 2014Potts et al., 2015
Several different RFI DMI prediction equations have been published for dairy cows;

however, there ar8 major components thatre found in most dairfpMI prediction
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equations: 1) a term that accounts for BW, 2) a term that accounts for changes in BW, and
3) a term that accounts for milk energy, as shown in Equation 13 (Berry and Crowley,

2013; Connor, 2015; Potts et al., 2015).

Predicted BWI°+ =dBBVO sMiblbk Ener gy «13)U

Additional terms that account for variance such as age, parity, stage of lactation, body
condition score BCS), diet, or feeding frequency may also be added to the dairy RFI
equation (Berry and Crowley, 2013; Connor, 2015; Potts et al., 2015).

Once the DMI prediction equation has been established and DMI has been
predicted for each cow, the RFl of anindividuabw i s esti mated by sub
predicted DMI from its observed DMI (Berry and Crowley, 2013; Connor, 2015; Potts et
al., 2015). A negative RFI indicates that a cow consumes less DMI than expected to
produce a given quantity of milk while a pibge RFI indicates that a cow consumes more
DMI than expected to produce a given quantity of milk (Potts et al., 2015). In terms of
feed efficiency, a cow that has a negative RFI is considered to be more efétagne to

a cow with a positive RFI ashown in Figure 224 (Potts et al., 2015).
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Figure 2.12. Example ofan RFI analysis in which Cow lhas a low FEpositive RFI) and
Cow Bhas a high FE (negative RFI).
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Based on the data provided in this example, Cavedsumes more food than predicted in
order to produce a specific amount of milk; therefore, this cow has loweféerncy.
Conversely, Cow Bonsumes less feed than predicted in order to produce the same amount

of milk; therefore, this cow has high fefficiency Connor, 2015Potts et al., 2015).

Advantages of RFI

There are several advantages to using RFI to estimate FE of lactating dairy cows.
First and foremost, RFI is a calcul ated
metabolic efficiecy after variation associated with biological and production factors have
been removed (Connor, 2015; Crews, 2005; Tempelman et al.,, 2014). As previously
mentioned, DMI prediction equations are used to determine the predicted feed intake of
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individual cavs using model parameters such as age, parity, and stage of lactation (Berry
and Crowley, 2013; Connor, 2015; Potts et al., 2015). By accounting for variables that
affect DMI in the prediction model, RFI should only theoretically reflect differences in
metabolic efficiency of nutrient utilization, not differences due to biological, production,
and/or dietary factors (VandeHaar, 2016). Factors such as stage of lactation and parity can
greatly affect other measures of dairy FE such as FE ratios, as disabsse; however,
accounting for these factors in the DMI prediction model ensures that their effects are
removed from the RFI value itself (Kellogg et al., 1977; NRC, 2001; VandeHaar, 2016).
For example, RFI values can be compared betW&eaxws even ithe cows are not in the

same stage of lactation or parity or consuming the same dietary ration, assuming that those
factors are included in the proposed DMI prediction equation (Connor et al., 2013; Potts et
al., 2015; VandeHaar, 2016). Thus, RFI valuasan individual cow are robust across
various factors and RFI reflects metabolic efficiency after various biological, production,
and/or dietary factors have been accounted for in the DMI prediction model (Crews, 2005;
Connor et al., 2013).

The second maj advantage of the RFI approach is that RFI has been shown to be
repeatable for individual cows within and across lactations (Connor, 2015; Tempelman et
al., 2014). In order to determine witHewctation repeatability for RFI, several RFI values
for eachindividual cow are calculated at various points throughout lactation and the-within
cow correlation between RFI values are calculated (Connor, 2015; Tempelman et al.,
2014). Connor et al. (2013) measured RFI in 292 individual Holstein dairy cows for the
first ~90 days in lactation and found that witliow repeatability of RFI throughout

lactation had a correlation coefficient (r) of 0.4 = 0.22) In addition, Tempelman et
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al. (2015) conducted a similar study using 4,893 individual cows &oeseach stations
(UK, US, and the Netherlands) and found that the average repeatability for RFI across the
3research stations was r = 0(R? = 0.59). Although the correlation between RFI values
within-lactation is only lowto-moderate, the results of these studies suggest that RFI may
be measured at any stage of lamatand still reflect a fairlyaccurate prediction of
metabolic efficiency for an ingidual cow (Connor, 2015; Tempelman et al., 2014
VandeHaar et al., 20)6

Similarly, RFI has also been shown to be repeatable across lactations for an
individual cow (Connor, 2015; Tempelman et al., 2014). In the same study discussed
above, Connor et a2013) compared the 9fay average of all weekly RFI values per cow
across various parities and found the correlation to be moderately high (r = 0.56).
Tempelman et al. (2014) found the average repeatability of RFI within cow across
lactations to be appkimately 0.27(R?> = 0.07) Although a correlation of r = 0.27 may
seem low it is similar to repeatability correlation values for common production
parameters such as milk yield, fat yield, and protein yield which are 0.34, 0.35, and 0.29,
respectively Roman et al., 2000). Therefore, RFI is repeatable across lactations for an
individual cow and a rate similar to other production parameters. As a practical
application, a dairy producer could theoretically measure the RFI of an individual cow
during herfirst lactation and be able to predict her metabolic efficiency for subsequent
lactations without requiring any additional measurements. Thus, selection for efficient
cows is possible using the RFI approach.

The third major advantage of RFI is that R&Irelatively heritable compared to

other production traits (Connor, 2015; Tempelman et al., 2014). Connor et al. (2013) and
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Tempelman et al. (2014) each calculated the average heritability of RFI and fount that h
=0.36 and b= 0.17, respectively. Asstussed previously, heritability values above 0.10

are considered to be advantageous in the genetic selection of dairy cows (Cassell, 2009;
Holstein Association USA, 2018).In fact, RFI heritability is moderately heritable
compared to the following prodtion traits which are currently being used for genetic
selection: DMI (K = 0.30), milk yield (K= 0.30), age at first calving {& 0.14), lifetime

net income (merit; h= 0.20),body condition score &+ 0.25), andlays to first breeding

(h? = 0.04)(Cassell, 2009; Holstein Association USA, 2018%ksuming there is sufficient
variation in RFI between cowsithin the target populatigrRFI canbe used as a trait to
genetically select for metabolically efficiedairy cows to improve FE.

The last majoadvantage of utilizing RFI to estimate FE of dairy cows is that RFI
canbeassessed on heifers (Groen and Vos, 1995; Nieuwhof et al., 1992). Nieuwhof et al.
(1992) measured FE (energy intake per unit of weight gain) in heifers from 44 to 60 weeks
of age and then subsequently measured the heifers RFI values during the filayd 0%
lactation and observed a strong, positive correlation betgemving heiferand lactating
cow feed intake and RFI values (r = 0.58). Other studies have also reported strong
correlations between RFI values measure during growth in heifers and/adRids
measured during subsequent lactations (Arthur et al., 2001; Davis et al., 2014; Durunna et
al., 2012). Thus, these results suggest the FE of heifers is indicative of metabolic FE during
subsequent lactations (Macdonald et al., 2014; Nieuwhof,€t%82). Therefore, a dairy
producer could measure the FE gfrawingheiferand predictlifferences in RHor future
lactations. This concept could have an enormous impact on the dairy industry as other

measures of FE, such as the FE ratio, cannetméte FE of a dairy cow uhshe enters
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lactation. Aheifer must be housed, fed, and managed on a dairywéima substantial
costuntil she is bred, calves, and produces milk to determine efficiency. In the case of
feed inefficient cows, it is extneely costly to house, feed, manage, and breed a cow only
to discover that she is incredibly inefficient (USEZRS. 2018a). Thus, RRleasured in
growing heifers couldllow dairy producers to make informed management decisions for
animalselection earliewhich would save producers time, money, and labor and improve

the overall profitability of their dairy operation.

Disadvantages of RFI

Although utilizing RFI values to evaluate dairy FE may be a useful tool for some
dairy producers, there are sevessues with this method=irst and foremost, the biggest
disadvantage of using RFI is the same issue aginglFE ratios to estimate FEMI of
individual cows is rarely measured on farm (Connor et al., 2013; Faverdin et al., 2017;
Halachmi et al., 2004 As previously discussetheasurements of DMI on individual
animals would be incredibly costly and labotensive for a commercial dairy operation
that is not is not equipped to feed cows individually (Halachmi et al., 200%tefore a
vast majoriy of dairy cows are fed in large groups such that the DMI of an individual cow
within a group is unknown (Halachmi et al., 2004)us, the lack of DMI estimate is a
major disadvantage to using RFldstimate FE on an individual cow basis.

Secondly, a ufied standard equation to predict DMI for the RFI calculatioes
not exist therefore, RFI values may bepdandent on the equation used for Ddiédicion.
As it was previously mentioned, there areesal factors that can affect DMuch astage

of lactation,parity, BW, calving seasgranddiet composition Berry and Crowley, 2013;
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Connor et al., 2013; Lin et al., 2013; Macdonald et al., 2014). Because numerous factors
can affect DMI, various prediction equations have been developeddictdd| for RFI
calculations and these equations vary regarding their inclusion of parameters in the
prediction model (Connor et al., 2013; Connor, 2015; Potts et al., 2015l Vallimont et al.,
2011). As shown above in Figure 2.1%FI is a statistical redual which is calculated by
subtracting theredicted DMI from the actual DMBerry and Crowley, 2013; Potts et al.,
2015; VandeHaar et al., 2018Due to the nature of residuals, RFI contains true variation
in metabolic efficiency between ws due to pigenetics (geneticsenvironmental
conditions and their interactionsas well asrandomvariation due to errors in DMI
measurementandpredictions(VandeHaar et al., 2016)Therefore, any modeling errors
that arise during the prediction of DMiay inflate the measured RFI valuegslasvariation
due to these random errors falls into the resitkerah (VandeHaar, et al., 201@®ecause
different DMI equationsccount for different amounts of variation associated with DMI,
it is possible that RFI valueseadependent on the equation used to predict DMI. This
hypothesis is explored and discussed in Chapter 6 of this dissertation

On a similar note, the third disadvantage of using RFI to estimate thati®FI
inherently contains error and statisticaadi In regard to error, residuals fundamentally
contain random variation (noise) associated with the regression analysis so R&lkavalu
intrinsically flawed. As for statistical biases, RFI values aralculatedfor individual
animalsbased on theredicted DMI line of best fit for a cohort of dairy cows; therefore,
RFI values also assume that all cows within the cohort in the analysis share the same DMI
prediction slopewhich is highly unlikely Thus, inherent error exists when a statistical

residual is used as an indicator of metabolic efficiency.
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The last critical issue associated with using RFI to predict dairy FE is that the
calculations are not very practical for dairy producers (Connor, 2015; VandeHaar et al.,
2016). First, the DMI predicain equations needed for the RFI calculation require
producers to have access to RFl literature so that producers can identify and select a proper
DMI prediction equation based on the parameters collected on their dairy operation
(Connor, 2015). Secondlgs compared to IOFC and FE ratios, RFI values are much more
labor intensive to calculate because the RFI calculations require dairy producers to perform
statistical modeling in order to obtain predicted DMI and a regression analysis to calculate
RFI (Conna, 2015). Lastly, RFI values are not intuitive; negative RFIs indicate better FE
than positive RFIs which can be confusing to interpret and discuss. In summary, RFI is
currentlynot a practical tool for dairy producers to make management or nutritisnoshec
on farm However, it ould be utilized by nutritionists and geneticists for the genetic

selection of metabolically efficient dairy cows (Connor, 2015; VandeHaar et al., 2016).

Factors That Affect RFI Values

As discussed previously, several factoase been shown to affect dairy FE ratios
and/or the production parameters associated with the ratio (Erdman, 2011; Field and
Taylor, 2012; SPierre, 2012). However, factors that affect RFI values between lactating
dairy cows are not well understood andre research is needed to characterize important
factors that may influence RFI such as biological, management, dietary, and/or behavioral
factors (Connor et al., 2013; Golden et al., 2008; Kkrumah et al., 2007). Using a

discriminant analysis approadhg relative effect and importance of several factors such
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as stage of lactation, parity, production parameters, BW, and dietary composition on RFI

will be determined and these experiments are the focus of Claagfténis dissertation.

Summary

Feedcosts in the dairy industry account for approximately 50% of total cost of
producing milk (Beck and Ishler, 2016; USEERS, 2018a; Hardie et al., 2017). Because
feed costs are high, dairy producers are interested in approaches that can estimate, and
ultimately improve FE, in lactating dairy cow§he 3 main methods used in the U.S. dairy
industry to estimate FE are IOFC, FE ratios, and RFI (Connor, 2&Esause IOFC does
not estimate FE on an individual cow basis, it will not be utilized in the rdsearc
experiments in this dissertation.

TheDMI estimates on an individual cow basis are a critical component to calculate
FE ratios as well as RFI Therefore, the experiment discussed in Chapter 3 of this
dissertation aims to develop and validate novelatqos that estimat®MIl on an
individual cow basis In addition, several factors have been shown to affect dairy FE;
however, the relative importance of these factors have yet to be determined (Erdman, 2011,
Field and Taylor, 2012; SRierre, 2012). Ths the first series of experiments discussed in
Chapter 4 of this dissertation aims to explore the relative importance of sevetkahowei
factors that affect FE ratioSimilarly, RFI can also be affected by biological, production,
and dietary factordyowever, the relationships between RFI and these factors are not well
understood (Connor et al., 2013)herefore the second series of experiments discussed in
Chapter5 of this dissertation aims to explore the effect and relative importance of several

factors on RFI. In addition, it is possible that RFI values are dependent on the equation
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used to predict DMI as statistical residuals inherently contain errors associated with model
prediction. Therefore, the objective of the experiment in Chapter 6 of this dissertation is
to determine the relationship between RFI values calculated vatima using different
equations to predict DMI. Lastly, results from all experimental chapters will be

summarized and reported in Chapter 7 of this dissertation.
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Hypotheses and Objectives

Based on the previous review of the literature4 hypotheses were investigated:

1.

An equation that estimates DMI on an individual cow basis can be developed and
validated using the concept of N balance derived from commosfaron
parameters.

The relative importance of several biological, production, diathry factors that
affect dairy FE ratios can be determined and ranked

The relative importance of several biological, production, and dietary factors that
affect RFI can be determined and ranked

Residual feed intakealues may be dependent on the eignatised to predict DMI
as statistical residuals inherently contain errors associated with predictions and
these errors may vary depending on the DMI equation model used

To test these hypothesed, study objectives were completed:

1.

2.

Equations that estimatDMI on an individual cow basisere developedsing the
concept of N balance derived from commonsfamm parameters using linear and
nonlinear modeling techniques

The relative importance of several biological, production, and dietary factors that
affect dairy FE ratios were determined and ranked using a series of discriminant
analyses including stepwise, canonical, and basic discriminant analyses

The relative importance of several biological, production, and dietary factors that
affect RFI were determed and ranked using a series of discriminant analyses
including stepwise, canonical, and basic discriminant analyses

Dependency of RFI values on the equation used to predict DMI was assessed using
correlation analyses between RFI values generatedfronDMI equations
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INTERPRETIVE SUMMARY

Estimation of dry matter intake of individual cows fed in a group setting using
common onfarm measurements Iwaniuket al., page 000Using a dataset provided by

the USDA eight novel DMI estimation equations were developsihg the concept that

N intake can be estimated if the N outputs in milk, urine, feces, and body tissue are known
(Jonker et al., 1998). To be included in the dataset, each individual daily cow record
required the following parameters: body wei@kV), milk yield, milk protein percentage,

and milk urea NNMUN). If values were missing, the parameter was estimated using a
generalized linear modeling techniqu&he DMI equations were developed using non
linear modeling techniques and evaluated usings=gon analyses. TRenost successful
equations were further evaluated for mean and linear biases and were validatetl using
independent validation datasets. The results of this study indicate that DMI can be
successfully estimatea individual covs usng common, offarm measurements such as
milk yield, milk protein percentage, MUN, BW, and dietary N (CP) concentration.
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ABSTRACT

Due to high feed costs, increased efforts to reduce the envirtednmapact of
animal productiomnd elevated concerns for feeding the growing glbbalanpopulation,
improving feed efficiencyKE) has become a major focus of research in the field of dairy
science. In order to calculate FE on an individual ,dwvdry matter intak (ODMI) must
be known. However, most cows are fed in a group setting such that DMI on an individual
cow basis is not known. The objective of this study was to develop and validate several
equations that estimate DMbf individual cows using dietary and neduction
measurements that are already commonly recorded on dairy farms. The DMI estimation
equations were developed using a dataset provided by the United States Department of
Agriculture (Beltsville Agricultural Research Center, Beltsville, MBPYntairing 8,081
weekly production records averaged by cow for 524 doves experiment that spanned
342 wk. Eightpreliminaryequations were developed using an appraauiiar to the one
developed byJonker et al. (1998) in which DMI was estimated based tmagd N
outputs in milk, tissue, urine, and feces using the following dietary and production
parameters: dietary crude prote@R, %), milk yield (kg/d), milk protein (%), body weight
(BW; kg), and milk urea NMIUN; mg/d.). To ensure that each cow had a daily record
containing alb key parameters prior to model development, missing values were replaced
with estimated values generated by estimation equations for BW (kg), milk yield
(kg/milking), milk protein (% per milkig), and MUN (mg/dl per milking). The3 best
DMI estimation equations (Equations 2, 3, and 6) were selected based on the results of the
regression analyses between actual versus estimated DAMto@meansquare error

(RMSE), andP-values). Further evahtion of thes@& selected equations showed that all
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of the equations lacked mean biases, but linear biases were detected though minimal as
they were less than the SE of DMI measurements reported literature. TheS selected
equations then validatedsing 4 independent validation datasetéalidation Datasetl
(lwaniuk et al., 2015; n = 80; Exp. =2jalidation Dataset 2waniuk et al., 2015; n = 80;

Exp. = 3) Validation Datase3 (Weidman et al., 2018; unpublished; n = 52), dalidation
Datasetd (Moallem et al., 2014; unpublished; n = 407). Overall, Equation 6 was selected
as the best equation developed to estimate DMI. On average, Equation 6 had minimal
mean bias, root of the mean square efRMEEP; kg/d), and mean and linear biases as a
perentage of mean square error of predictiliSEP) as well as the robust accuracy and
precision as indicated by?Rind concordance correlation coefficie®QC) values. In
conclusionwe demonstrated that DMI coulte successfully estimated on an individual
cow basis using commgnmeasuredn-farm parameters. Dairy producers can use the
results of this study to estimate DMI, and subsequently FE, on an individual cow basis to

select for the most efficient cows in current and future herds.

Key Words: Dry mater intake, estimation, nitrogen balance, feed efficiency
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INTRODUCTION

Improving feed efficiencyKE) has become a paramount topic of research in the
dairy industry within the last decade due3tprimary factors. First, feed costs represent
approximately 50% of the total operating costs associated with milk production (USDA
ERS, 2018); therefore, dairy producers are interested in improving FE to reduce feed costs
and subsequently increase prdjitay. Second, improving FE has been shown to reduce
the negative impasbf production on the environment. Capper et al. (2009) reported that
greenhouse gasGHG) emissions from the U.S. dairy industry have decreased by
approximately 60% within the 16860 yr due to improvements in FE (VandeHaar et al.,
2016). In addition, Capper et al. (2009) reported that manure prodbstidairy cows
associated with producing an equivalent volume of médkreasedhy 24%from 1944 to
2007 due to improvements in FE Less manure production subsequently results in a
reduction of environmental pollution due to decreased nutrient excretion of nitfdgen (
and phosphorusP} which have been shown to have detrimental impacts on the
environment through the process of eptrication (Hristrov et al., 2006; Klop et al., 2013;
Ledgard et al., 1999). Therefore, improving FE reduces the negative impact of production
on the environment (Place and Mitloehner, 2010). Lastly, the third benefit of improved
dairy FE is the reductiom the utilization of resources such as land, feed, water, animals,
and fuel by dairy farms to produce milk (Capper et al., 2009; Neumeier and Mitloehner,
2013; Place and Mitloehner, 2010). Due to improvements in dairy FE, Capper et al. (2009)
reported hat U.S. dairy farms in 2007 were able to produce the same amount of milk (1
billion kg) as dairy farms in 1944 using 10% less land, 23% less feed, 35% less water, and

21% fewer animals Therefore, improving dairy FE results in the reduction of resources
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used for milk production and these valuable resources can be allocated for other purposes
required to support the rapidly growing world population (Place and Mitloehner, 2010).
There are several established methods to estimate the FE of dairy cattles such a
milk-to-feed ratios, residual feed intake, and income over feed costs (Block, 2010;
VandeHaar, 2016). Regardless of the method used to calculate FE, a measure of dry matter
intake ODMI ; kg/d) is required to estimate FE on an individual cow basis. tmfately,
most dairy operations do not have the time, labor, or financial resources to measure DMI
in individual cove (Halachmi et al., 2004). Ae vast majority of dairy cows are fed in large
groups such thahe DMI of a group of cows is known, but théMDof individual cows
within a group is unknowiHalachmi et al., 2004). One way to overcome the lack of
individual cow DMI measurements on farm is to estini2¥¥ using mathematical models
Published equations that estimate DMI do exist; however, oitmese equations
were devel oped based on fiaverage cowo0o meas
cow intakes (NRC, 2001). In addition, other equations developed to estimate DMI are
based on developmental phases and these estimates are not asitktilg estimations of
DMI (NRC, 2001). Lastly, some of the published equations that estimate DMI have yet to
be statistically evaluated and/or validated (NRC, 2001).
Previous research indicated that excess N has a detrimental impact on the
environmenm via contamination in water and ammonia pollution in air (NRC, 2001). Due
to its environmental implications, N utilization has become an important focus of research
in the dairy industry (NRC, 2001). Research has shown that dairy cows secrete
approximagly 25-35% of their consumed N into milk while the majority of the remaining

N is excreted in urine and feces (NRC, 2001). Van Horn et al. (1994) explored the
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relationships between consumedMintake; g/d)and milk, urinary, and fecal N outputs
and repated that urinary and fecal N excretions can be estimated by subtracting the milk
N concentration from the concentration of N consumed (NRC, 2001). Similarly, Jonker et
al. (1998) found that the N intakeould be estimated using milk and urinary NI)
concentrations in which milk N was calculated as a function of milk yield (kg/d) and the
crude protein percentage and UN was estimated as a function of milk urea nikiagén (
mg/dL).

Because N intake is directly related to DMI and the crude prd@¥ gercentage
of the diet, we hypothesized that it may possible toregé DMI on an individualising
the following individual parameters for each cow: body we{@Ww), milk yield (MY),
milk protein percentage, MUN, and dietary N. Therefore,3lobjectives of this study
were as follows: 1) to develop several equations that estimate DMI on an individual cow
basis, 2)o select the8 best models that estimate DMI on an individual cow basis, and 3)
to evaluate the best DMI estimation models using indepemniddatasets. The results of
this study may be used to estimate DMI on an individual cow such that FE can be calculated

and dairy producers can select for more efficient cows within their current and future herds.

MATERIALS AND METHODS

Initial Database

The data used for this modeling project were obtained from the laboratory of Dr.
Erin Connor at the United States Department of Agricultu®&¥A; Beltsville Agriculture
Research Center, Beltsville, MDAIl data collection involving animals was approvey

the Northeast Area Animal Care and Use Committdéhe initial dataset contained

86



production records for 529 lactating Holstein cows, which resulted in 95,633 daily
production observations. To remove natural variation associated with production
parametes for cows in the transition period as well as late lactation, individual cow
observations witldaysin milk (DIM ) less than or equal to 21 DIM or greater than or equal

to 150 DIM were removed from the dataset. Removing individual cow observations based
on DIM resulted in an initial dataset that contained production records for 529 lactating

Holstein cows and 70,672 daily production observations.

Estimation Equations and Outlier Removal for Key Production Variables

To be included in the final dataset, each daily individual cow production record was
required to have the following parameters: DMI (kg/BW (kg/d), MY (kg/d), milk
protein (%),MUN (mg/dL), and dietary CP concentratiorif a daily production record
was missing DMI, the entire record was removed from the dataset. If a daily production
record was missing BW, MY, milk protein (%), or MUN, the parameters were individually
estimated by cow and lactation number using PRQ® GSAS 9.4;SAS Institute Cary,
NC) using the estimation equations shown in Table 3.1. Milk yield, milk protein
percentage, and MUN were estimated per milking (2X/d; AM vs. PM). To determine the
success of the estimation equation, measured paramktes vaere regressed on estimated
parameter values using PROC REG (SAS 9.4, Cary, NC) and estimations were evaluated
based on the following criteria: coefficient of determinatiB?)( rootmeansquare error
(RMSE), andP-value as shown in Figuse8.17 3.4 During the regression analysis,
outliers for each parameter were removed if th8t&Rlentized residual was less tharor

greater than +3. If a parameter had a missing value (either inherently missing or removed
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during outlier detection), these valussre replaced with the estimated values generated
using PROC GLM (SAS 9.4). The use of estimated values in this dataset was particularly
critical for the BW, milk protein (%), and MUN variables ashiék parameters were only
measured weeklguring altenate morning and evening milkings every weekl BW was
obtained every 2 wk immediately after the morning milkibiMI and MY (AM and PM)

were measured and recorded daily. After the estimation equations and outliers were
removed for the key productiomrables, the dataset contained 70,175 observations which
contained a daily measured DMI and either measured or estimated values for BW, MY,

milk protein (%), and MUN for each cow.

Data Management and Weekly Cow Means

New variables were created in thetad®et to be used as terms within the DMI
estimation equations. As shown in Equations 1 and 2 below, milk N was calculated from
milk protein yield (g/d) and dietary NDfet N) was calculated from the dietary crude

protein CP) percentage, respectively:

Milk N (g/d) = (Milk protein yield (g/d))/(6.25)/(0.93) (1)

Diet N (g/d) = (Dietary CP (%))/(6.25)*10 (2)

In these equations, the conversion of milk protein to milk N is calculated using 6.25 as milk

protein contains approximately 46N (100/16 = 6.25) and the concentrationmolk N

derived from protein is 93%, as 7% of milk N is derived from NPN sources (NRC, 2001).
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After the new variables were added to the dataset, individual cow production
records were averaged by cow by wekldividual weekly cow means were removed from
the dataset if an individual cow had less thawit of 7 daily production records for a week.
This data removal reduces variation within the dataset and ensures that weekly means have
relatively similar weigking. After weekly production means were calculated for each cow

and data were removed, the dataset contained 10,089 weekly mean observations.

Final Outlier Removal for Key Variables Used in the DMI Equations

A final procedurewas performed to remove any outliers that may have been
generated from the estimations of BW, MY, milk protein (%), or MUN as well as any
outliers that may have been present in the newly calculated variables (Milk N or Diet N).
Outlier removal was perfarted using PROC UNIVARIATE (SAS 9.4) such that any
values greater than the 99% quantile or less than the 1% quantile for each variable were
removed. After these outliers were removed from the dataset, the dataset contained 8,971

weekly cow mean observatign

Grouping the Data into Two-week Intervals for Model Development

The last data management step that was conducted prior to model development and
evaluation involved grouping the individual cow weekly means data2itk intervals.
If a 2-wk intenal hal fewer than 30 weekly cow means observations, then thdt 2
interval was removed from the dataset. This data removal was performed to reduce
variation within the dataset and allow for more robust estimations of the individual DMI

equation parameteroefficients. The final dataset contained 8,081 weekly cow mean
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observations split into 172-wk intervals. The descriptive statistics for the final dataset

are presented in Table 3.2.

Model Development

Several studies have shown that thererabast relationship between N intake and
N output in lactating dairy cows (Jonker et al., 1998; NRC, 2u@h Horn et al., 1994).
Van Horn et al. (1994) demonstrated that urinary and fecal N excretaltdbe estimated
by subtracting milk N concentrat from the total amount of N consumed (NRC, 2001).
Similarly, Jonker et al. (1998) reported that milk and UN can be used to calculate N intake
when milk N was calculated as a function of milk yield (kg/d) and milk protein
concentration (%) and UN was calated as a function of MUN (mg/dlL The Jonker et

al. (1998)equationis presentetbelow.

DMI (kg/d) = ((MilkN + (MUN x 12.54) + 97)/(0.83))/(CP/10) A3)

In this equation, DMI (kg/d) is equdb the sum of3 N outputs (milk N, UN, and
endogenoudN) divided by the concentration of available dietary N (Jonker et al., 1998).
Milk N (MilkN ; g/d) was estimated using Equation 1, which was previously described.
Jonker et al. (1998) reported that MW@Nd UN had a strong, linear relationshigh that

UN can be estimated from MUN using the slope of the regression liR4 as a
coefficient. Thus, the second term in the numerator accounts for UN (g/d) excrétion.
addition, Jonker et al. (1998)egressed N utilization (g/d) on N intakdlI( g/d) and

determined endogenolis(97 g/d; intercept of the regression lin@)d the true digestibility
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of N (0.83 slope of the regression lipasing a Lucas tesiTherefore, these constants also
appear in this equation to account ésrdogenoudl outputs (97 g/pdand the digestibility
of dietary N (0.83) Lastly, dietary N is a function of dietary crude prot€i) such that
thetrue digestibility of N (0.83)is multiplied by CP divided by 10 in the denominator of
the equatiorto determine the concentration available dietary N (g/djJonker et al.,
1998).

Therefore, N intake can be estimated if the following N outputs are
known/estimated: itk, urinary, fecal, anc&endogenou$l. Once N intake is known, it is
possible to estimate DMI using N intake and @ (%) of the dietary ration. &ed on
this concept of N balanc& novel equations were developed to estimate DMI on an
individual cow basis using common elarm measurements as shob&iow andn Table

3.3.

Equation 1DMI (kg/d) = (MilkN + (A x BW x MUN))/(0.83 x DietN- 3) (4)

Equation 2DMI (kg/d) = (MilkN + (B x BW) + (C x MUN))/(0.83 x DietN 3)  (5)

Equation 3DMI (kg/d) = (MilkN + (B x BW))/(0.83 x Diet\- 3) (6)
Equation 4DMI (kg/d) = (MilkN + D + (C xMUN))/(0.83 x DietN + 5 E) @)

Equation 5DMI (kg/d) = (MilkN + (C x MUN) + (F x Milk x MUN)/(DietN- (I x

DietN) i MFN) (8)
Equation 6 DMI (kg/d) = (MilkN + (B x BW))/(I x DietN- MFN) (9)
Equation 7DMI (kg/d) = (MilkN + (C x MUN))/(l x DietN - MFN) (20)
Equation 8DMI (kg/d) = (D x (MilkN + MUN))/(0.83 x DietN- 3) (11)
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In addition, theoriginal DMI equation developed by Jonker et al. (1998; Table 3.3:
Eq. 9 described aboyeand a modified versn of this equation (Table 3.3; Eqg. 10;
Kauffman and SPierre, 2001) were also analyzed in this study to compare the new DMI
estimation equations to the original and modified Jonker equations from which the new

equations were derived.

Equation 10DMI (kg/d) = ((MilkN + (MUN x BW x 0.08) + 97)/(0.83))/(CP/10) (12)

After the 8 DMI estimation equations were developgedrameter estimates were
generatedusing PROC NLIN (SAS 9.4). For each equation, DMI estimations were
generated by-#vk intervals of veekly mean cow observations. The coefficient estimates
and their respective standard errors (SE) are reported in Table 3.3. The general concept
behind the development of each estimation equation was that DMI is equal to N outputs
(milk, urinary, fecal, ad/orendogenousl) divided by the digestible portion of dietary N.

In all 10DMI estimation equations, milk N is estimated based on milk protein yield
(g/d) as shown above in Equation 1. Essentially, the milk protein concentration is
converted to milkN concentration by dividing the milk protein concentration by a known
factor of 6.25. Lastly, the milk N concentration is divided by 0.93 as the digestibility of N
in milk is 93%.

To estimateUN, MUN (mg/dL) is used as a term in several DMI estimation
equations (Equations 1, 2, 4, 5, 7, 8, 9, and 10) as MUN is relatively easy to measure on
farm through milk composition analysis and it has been showravte a positive linear

correlation withUN (Jonker et aJ 1998; Kauffman and SRierre, 2001).
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To account for fecal N excretion, metabolic fecalNAF(N) was subtracted from
the denominator portion of each DMsétimation equation except for the Jonker and
modified-Jonker equations (Bg9 and 10). In DMI eghation Equations 5, 6, and 7, MFN
was estimated using PROC NLIN (SAS 9.4). In DMI estimation Equations 1, 2, 3, and 8,
MFN was included in the model at a constant value of 3 whereas MFN was held at a
constant value of 5.0 in DMI estimation Equation 4va8son (1977) reported a mean
estimate of 4.70 g/kg DM of MFN based on a subtraction of 10% of feed N from fecal N
(NRC, 2001). Using 4.70 g/kg DM as a starting value for MFN, several MFN values
(MFEN: 17 10 g/kg DM) were tested within each DMI estimatexjuation. The final MFN
value used in each DMI estimation was selected based on the DMI equation with the lowest
value of the Akaike information criterioA[C).

BW was used as term in several DMI estimation equations (Eqg. 1, 2, 3, and 6) to
estimate N atputs related tendogenousl.

Lastly, each DMI estimation equation contains a denominator that accounts for the
digestible portion of dietary N concentrations. In several DMI estimation equations (Eq.
1,2, 3,4,8,9, and 10), diet N is multiplied bfaator of 0.83 which represents ttrae
digestibility of diet Ndetermined by Jonker et al. (1998) the remaining DMI estimation
equations (Eqg. 5, 6, and 7), the indigestib)efrtion of diet N was estimated using PROC
NLIN (SAS 9.4).

It is important to note thad DMI estimation equations (Eq. 4, 5, 9, and 10) have
unique parametergicluded within the equation.Equation 4 contains an additional
parameterk) in the denominator which was used to adjust for variations associated with

both diet N &ailability and MFN. The DMI estimation Equation 5 contains a parameter
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(milk) that is used to account for variation associated with milk yielee DMI estimation
Equation 9 is the original equation developed by Jonker et al. (1998) from which Equations
1-8 were derived. In this equation, DMI (kg/d) is equal to milk N (g/d), UN (g/d; MUN
(mg/dL)*12.54), andendogenousdN (97 g/d) divided by available dietary N (0.&3P
(%)/10). Finally, DMI estimation Equation 10 is a modified version of the Jonketiequa
(Eqg. 9) in which MUN is multiplied by 0.0259 and BW to estimate UN (Kauffman and St
Pierre, 2001).

Regression analyses between measured DMI and estimated DMI values were
completed using PROC REG (SAS 9.4) and the results of this analysis are rapoéiiele
3.4. As shown in Figure 3.5he 3 best DMI estimation equations (Equations 2, 3, and 6)
were selected based on the following regression analysis statistiBVIBE, andP-value.
The 3 best DMI estimation equations were then evaluated ukindependent validation
datasets as described below. Statistical significance was decl&@ealae00.05 and a

trend towards significance was declared if 0.05&0.10.

Determination of Mean and Linear Biases in the8 Selected DMI Equations

As shown in Figure 8, the presence of mean and linear biases irBthelected
DMI estimation equations were determined using the methods described by Nennich et al.
(2006. Essentially, regression analyses were performed by regressing residuals (actual
estimated DMI values) on centered estimated DMI values which were calculated by
subtracting the mean of all estimated values from each DMI estimate (Nennich et al., 2006).
Linear (slope) biases were determined using the slopes of the regression eguations

mean biases were determined using the intercepts of the regression equation (Nennich et
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al., 2006). If linear biases were detected, the magnitude of the linear biases were
determined by calculating the biases at the minimum and maximum estimatec D v

were determined for each equation as described-ByeBte (2003).

Model Evaluation

To validate the3 selected DMI estimation equationd,independent, external
experimental datasets were usédlidation Datasel (lwaniuk et al., 2015; n = 80; Exp.
= 2), Validation Datase® (lwaniuk et al., 2015; n = 80; Exp. = 3jalidation DataseB
(Weidman et al., 2018; unpublished; n = 52), &adidation Datase#t (Moallem et al.,
2014; unpublished; n = 407)he descptive statistics for thesé validation datasets are
presented in Table 3.5.

These datasets were selected to explore the robustness of each of the three selected
DMI equations when cows are fed diets with differing compositiohee goal of the
validationanalyses was not to explore the interaction betweernrgig&atments and DMI
equations, rathethe goal was to determine if the three selected DMI equations were
successful even when cows were thetaryrationswith different nutrient compositions
Therefore these analyses provide information regarding the scope of inference in which
these DMI estimation equations can be successfully utilized within the dairy industry

In the first Validation Dataset 20 Holstein dairy cows (8 primiparous; 12
multiparous) averagin9.8 + 1.9 kg/d milk yield and 95 + 75 DIM at the start of the
experiment were used in a 4 x 4 Latin Square design experiment to determine the effects
of dietary catiomanion difference (DCAD) concentration on production parameters

(lwaniuk et al., 2015). Treatments consisted of a basal diet containing approximately 64%
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corn silage, 6% alfalfa hay, and 30% concentrates (ground corn, soybean meal 48%, and a
vitamin/trace mineral premix) plus potassium carbonat€@%; DCAD Plus, Church &
Dwight Co. Inc., Piscataway, NJ) supplementation that resulted #hdie¢ary treatments:
1) 250 mEg/kg DCAD (DM basis), 2) 375 mEqg/kg DCAD, 3) 500 mEqg/kg DCAD, and 4)
625 mEqg/kg DCAD. Dietary and production parameters such as DMI, milk yield, and milk
composition were collected as described by Iwaniuk et al. (2015).

Similarto Validation Dataset, the second validatiatatasetvas conducted using
20 Holstein dairy cows (8 primiparous; 12 multiparous) averaging 41.4 + 1.4 kg/d milk
yield and 95 + 25 M at the start of the experiment were used in a 4 x 4 Latin Square
design experiment to determine the effects of cation source (soda)wmdrsus potassium
(K)) used to increase DCAD concentration (mEg/kg, DM basis) on production parameters
(lwaniuk et al, 2015). Treatments consisted of a basal diet containing 65% corn silage and
35% concentrates (ground corn, soybean meal 48%, and a vitamin/trace mineral premix)
with a DCAD concentration of 250 mEqg/kg (DM basis) plus 150 mEg/kg DCAD increased
by eitherpotassium carbonate (K source@QOs; DCAD Plus, Church & Dwight Co. Ing.
or sodium sesquicarbonate (Na source:88Q,Church & Dwight Inc.) supplementation
that resulted il dietary treatments: 1) 100:0, 2) 67:33, 3) 33:67, and 4) 0:100% (K:Na).
Information regarding the collection of dietary and prdduct parameters is presented in
Iwaniuk et al. (2015).

In the third validationdataset 18 Holstein dairy cows (6 primiparous; 12
multiparous) averaging 38 kg/d milk yield and 75 + 38 DIM at the staheoéxperiment
were used in a 3 x 3 Latin Square design experiment to investigate the effects of DCAD

concentration, monensin supplementation, and the interactive effects of DCAD
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concentration and monensin supplementation on production parameters (Wetdshan
unpublished). The basal diet contained 58% corn silage, 8% alfalfa hay, and 34%
concentrates (ground corn, soybean meal 48%, and a vitamin/trace mineral premix) and
had a DCAD concentration of 250 mEqg/kg. Monensin was supplemented at either O or
13.2 mg/kg DM and the DCAD concentration of the treatments were either 250 mEq/kg,
450 mEg/kg DCAD with K supplementation, or 450 mEg/kg DCAD with Na
supplementation. Treatments were arranged in a 2 x 3 factorial treatment design to produce
the following 6 treatments: 1) 0 mg/kg monensin + 0 mEg/kg DCAD (Control diet), 2)
Control diet + 200 mEqg/kg DCAD supplementation with K, 3) Control diet + 200 mEg/kg
DCAD supplementation with Na, 4) 13.2 mgfmnensin + 0 mEg/kg DCAD (monensin
diet), 5) monensin diet 200 mEg/kg DCAD supplementation with K, and 6) monensin
diet + 200 mEqg/kg DCAD supplementation with Na. Dietary and production
measurements were collected using the same protocol as described for validation
Experiments 1 and 2 (lwaniuk et al., 2015).

In thefourth validationdataset44 Holstein dairy cows (all multiparous) averaging
50 kg/d milk yield and 132 DIM at the start of the experiment were used in a completely
randomized design experiment to investigate the effects of yeast supplementation
(Sacharomyces cerevisia@n production responses in lactating cows. The basal diet
contained 19% wheat silage, 11% hay, and 60% concentrates (ground corn, rolled barley,
rolled wheat, soybean meal 48%, canola meal, cottonseed, wheat bran, corn gluten feed,
dried distillers grains, and a vitamin/trace mineral premix). Two dietary treatments were
investigated: 1) control diet and 2) control diet plus yeast supplementation using a

Saccharomyces cerevisidermentation product. Milk production and DMI were
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measured and recorded weekly throughout the experiment. Total milk urea concentrations
(9/100 mL) were measured during this study and converted to MUN concentrations
(mg/dL) using Equatiord (shown below) in which the 0.467 coefficient represents the
molecublr weight (MW) contribution of N in urea (MW = 14*2 = 28 g/mol) divided by the

MW of urea (60 g/mol):

MUN (mg/dL) = Urea (g/100 mL)*1000*0.467 (13

Within each validation dataset, DMI was estimated using3ttselected DMI
estimation equations (Equati® 2, 3, and 6) using PROC NLIN (SAS 9.4). The
expeiments included in Validation &asets 1, 2, and 3 were conducted as Latin square
experiments in which experimental periods and individual cow effects served as blocks.
Because the experiment conducted/alidation Dataset 4 did not account for individual
cow effects, DMI estimations were estimated by cow to reduce random variation in the
analysis asarge individual cow variation exists for several production parameters such as
milk production and DMKConnor, 2015; Shonka and Spurlock, 2013P®tre and
Weiss, 2009). fe coefficients estimated using the validation datasets as well as their
respective standard errors (SE) are reported in Table 3.6. Once DMI was estimated for
each of the8 selectedDMI equations within each validation dataset, regression analyses
were performed between measured DMI and estimated DMI values and the results are
reported in Table 3.7. Equations were evaluated based on the results of the regression
analyses including thfollowing statistics: R RMSE, andP-values.

In addition to generating new DMI estimates by analyzing each validadi@iget

using PROC NLIN (SAS 94 DMI estimates were also calculated using the coefficients
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generated from the modeling dataset (€e83) and the production data from each of the
validation datasets. The relationship between measured DMI and estimated DMI values
was analyzed using PROC REG (SAS 9.4) and the results of the regression analyses are
presented in Table 3.8. Similarlyet estimation equations were evaluated using fhe R
RMSE, andP-value statistics

Using the Model Evaluation SystemMES, College Station, TX;

http://nutritionmodels.com/mes.htjrdescribed by Tedeschi (2006), model evaluations of

the 3 selected DMI estimation equations were performed. sBBsa the accuracy of the
models, the following model evaluation statistics were calculated: mearMiBgs ifiean

square error of predictiorM(SEP), and the square root of the mean square error of
prediction RMSEP). The MB is the mean difference between the medddk#l and the
estimated DMI values and it is one of the most widedgd statistics to determine model
accuracy (Tedeschi, 2006)The MSEP is the expected squared difference between the
modetestimated DMI values and the measured DMI values and it is one ohdke
reliable measurements of model accuracy (Dorea et al., 2017; Tedeschi, 2006). The MSEP
can be decomposed inBsource of variation: MB, slope (linear) bias, and random error
(Tedeschi, 2006).The MB represents errors in central tendency (mean shift), slope bias
represents errors associated with regression, and random errors represent natural
(unaccounted for) variatiobetween estimated DMI and measure DMI values (Tedeschi,
2006). The RMSEP was also calculated to assess the accuracy of the DMI estimation
equations. In addition to accuracy, the precision of 3heelected DMI estimation
equations was tested using treefficient of determination (B between measured DMI

and estimated DMI values. Lastly, both accuracy and precision were tested simultaneously
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using the concordance correlation coefficie@C(C). The CCC is calculated by
multiplying the bias correctiofiactor Cb) by the correlation coefficient estimate) (
between the observed and estimated values (Tedeschi, 2006). The Cb is a measure of
accuracy as it indicates how far the regression line deviates from the slope of unity (45°)
while ris a measure giecision as it indicates how closely the estimated values are to each
other along the regression line (Tedeschi, 2006). These evaluation analyses were
completed for the followin@ validation approaches: DMI is estimated using the
validation datasetsnd PROCNLIN (SAS 9.4) and 2)DMI is estimated using the
parameter coefficients estimated with the modeling dataset (Table 3.3) and the production
data from the validation datasets. The results of these analyses are presented in Tables 3.9

and 3.10, resgxtively.

RESULTS AND DISCUSSION

Estimations of4 Key Production Parameters

Prior to the development and evaluation of the DMI estimation equations, several
key production parameters were estimated on a daily, individual cow basis to ensure that
eachdaily cow record contained the specific production parameters that would be used in
the equations to estimate DMI. The equations used to estimate BW (kg/d), milk yield
(kg/milking), milk protein(% per milking), and MUN (mg/diper milking) are presented
in Table 3.1 and the results of the regression analyses between measured production
parameters and their estimated values are presented ind8glie3.4. Individual cow
BW (kg/d) was estimated using DIM and DiMs the equation parameters and these

parameters accounted for approximately 98.5% of the total variation in BW measurements
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(R? = 0.9852; RMSE = 8.238@ < 0.0001 Figure 3.). Similar to the BW estimation
equation, the estimation equation itk yield (kg/milking) also contained DIM and DI
as equation parameters as well as time (AM vs. PM) asnilieyield variable was
expresseds kilograms per milking and cows were milked 2X daily. Thalk yield
estimation equation accounted for approximat@Bp®f the total variation associated with
milk yield (kg) per milking (R=0.8647; RMSE = 1.758®,< 0.0001 Figure 3.2. Lastly,
the estimation equations for milk protein (% per milking) and MUN (agodr milking)
contained the following terms: DIM, DIMtime (AM vs. PM), milk yield per mking
(Milk ), and the interaction between time and milk. The milk protein and MUN estimations
accounted for approximately 92.8%%@R0.9277; RMSE = 0702® < 0.0001 Figure 3.3
and 84.1% (R= 0.8411; RMSE = 1.2230#, < 0.0001 Figure 3.3 of the totalvariations
associated with milk protein percentage and MUN, respectively.

The results of the estimation equations for the aforementioned production variables
are similar to the results of previously published estimation equations for these parameters.
Franco et al. (2017) evaluatéghublished equations that predicted BW in growing Holstein
heifers based on several body measurements (heart girth, body length, wither height, hip
height, and hip width) and reported that these equations accounted for ajgtebxi84.6
T 93.4% of total variation associated with BW which is similar to the variation explained
(98.5%) by the BW eshation equation reported in the current study. In re¢@anahilk
yield, OtwinowskaMindur et al. (2015) comparegiequations thatsimated milk yield
based on time (AM vs. PM milking), milking interval, DIM, and parity. The authors
reported that these equations accounted for approximately 86.86% and 82.8 88.4%

of the total variation associated with milk yield in the mornargl evening milkings,
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respectively (Otwinowskdindur et al., 2015). These results are congruent with the
current study in which the milk yield estimation equation accounted for approximately
86.5% of the total variation associated with milk yield (kgkmilng) . Kl opl i | et
compared8 equations that estimated milk protein percentage using the following
parameters: time (AM vs. PM), milking interval, breed, DIM, and parity. The protein
percentage prediction equations accounted for approximateéya®d 97.6% of the total
variation associated with milk protein percentage in the morning and evening milkings,
respectively (Kloplil et al., 2003). The |
current study accounted for approximately 92.8%heftotal variation associated with milk
protein (%) which are similar to the results of the aforementioned publication. Lastly, the
MUN estimation equation in the current study accounted for approximately 84.1% of the
total variation association with MUl Although MUN has become a useful, Aiomasive
management tool in the dairy industry to assess protein and energy balance of cows within
a herd, very little work has been done to develop equations to predict or estimate MUN on
an individual cow basisHof et al., 1997; Schepers and Meijer, 1998). Therefore, the
estimation of MUN based on DIM, milk yield, and time (AM vs. A& novel component
of this study.

In conclusion, the estimation equations for BW, milk yield, milk protein (%), and
MUN devebped in this study adequately estimated each production parameter and missing
values in the dataset were replaced by estimated values such that each cow had a complete

daily MY record prior to model development and validation
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Estimation of DMI on an Individual Cow Basis

The estimated coefficients and their respective SE fo8 thm/el DMI estimation
equations as well as the original and modified Jonker equations are presented in Table 3.3.
In addition, the results of the regression analyses betweeruradd3MI| and estimated
DMI values are presented in Table 3.4.

The least successful DMI estimation equation was the original Jonker equation (Eq
9) which only explained approximately 29.9% of the total variatioBMI (R? = 0.299;
RMSE = 2.759P <0.0001; Table 3.3; Table 3.4). Several evaluations of this equation
have determined that significant mean biases arise when using this method to estimate DMI
(Kauffman and SPierre, 2001; Kohn et al., 2002; Sannes e&02). In the equation,
Jonkeret al. (1998) used a coefficient (12.54) multiplied by MUN to estimate UN output.
The dataset used to develop the Jonker equation had a range of 12 to Laviodid
however, most herds currently have a MUN range of 8 to 12lm(gdhn et al., 2002).
The use of the incorrect MUN concentration range occurred because this equation was
developed prior to the discovery of a hardware malfunction in MUN analyzers being used
in various laboratories across the United States and this malfunction resulted in cheasure
MUN concentrations that were much higher than the actual concentratiozadf in milk
samples (Kohn et al., 2002). Once the hardware issue was resolved, MUN concentrations
were found to be much lower on farms than previously reported (Kohn etGf), 28s a
result of this hardware malfunction, the UN component of the Jonker equation (UN = MUN
x 12.54) does not accurately estimate UN when MUN concentrations are below the target

range of 12 to1l6 mgld(Kohn et al., 2002). The average MUN concenbratof the
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modeling dataset was 11.79 mig/dherefore, it is no surprise that the original Jonker
equation was least successful at estimating DMI on an individual cow basis.

As discussed previously, Kohn et al. (2002) evaluated the original Jonkemoequati
and found that the estimate of UN was inaccurate based on the current range (8 to 12
mg/dL) of MUN concentrations on typical dairy farms. Kohn et al. (2002) evaluated
several methods to estimate UN and proposed that the best approach to estimate UN was
to multiply MUN by BW and a coefficient of 0.0259 proposed by Kauffman aie3te
(2001). Using this new term to estimate UN, a modilledker equation was also
evaluated in this study (Kauffman andfSerre, 2001; Kohn et al., 2002). Although the
modified-Jonker proved to be more successful than the original Jonker equation, it still did
not accurately estimate DMI on an individual cow basis as it only accounted for
approximately 38.1% of the total variation associated with DMI{R.3809; RMSE =
2.5940;P < 0.0001; Table 3.3; Table 3.4). Meyer et al. (2012) evaluated filiowing
equations to estimate MUN: 1) MUN = UN + 12.54 (Jonker et al., 1998; Model 1), 2) MUN
= UN + 17.6 (Kauffman and SRierre, 2001; Model 2), and 3) MUN = UN + (BW x
0.0259) (Kauffman and SRierre, 2001; Model 3). Meyer et al. (2012) reported tha all
models had significant mean biases which indicated a lack of accuracy for each model.
Specifically, Models 1, 2, and 3 overestimated MUN by 50%, 7%, and 10%, reshectiv
(Meyer et al., 2012). In regard to linear biases3atiodels had negative linear biases
which indicates that bias was highest when MUN values were lowest. Thesewesealts
as expe@das these models were generated using inflated MUN concentrgkohn et
al., 2002; Meyers et al., 2012). Overall, Model 1 had the least precision and Model 3 had

the most precision; therefore, Model 1 (Jonker et al., 1998) was the least successful
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equation as it had the lowest accuracy and precision comparethtmbdels proposed by
Kauffman and SPierre (2001). The presence of both mean and linear biases as well as
limitations in accuracy and precision in the UN estimation equations proposed by Jonker
et al. (1998) and Kauffman and-Bierre (2001) may explaiwhy Equations 9 and 10 did

not successfully estimate DMI on an individual cow basiseércthrent study.

It is important to note that the DMI estimation Equation 1 is fundamentally identical
to the modifiedJonker equation (Eq. 10) except thag goefficient multiplied by MUN
and BW to estimate UN is estimated using PROC NLIN (SAS 9.4) instead of being held
at the constant value of 0.0259 (Kauffman andPi8tre, 2001 Table 3.3). Although
Equation 1 explained more variation (47.8%) comparetheéamodifiedJonker equation
(38.1%), the estimated coefficient was 0.031 which is analogous to the coefficient (0.026)
proposed by Kauffman and-Bierre (2001) (Table 3.4). Due to similarities between these
2 equations, it is possible that the limitattoseen  Meyer et al. (2012) in regatd the
UN estimation equation proposed by Kauffman anBiStre (2001) may also explain why
this DMI estimation eqation was the least successguation developed within this study.

As shown in Table 3.4, DMIstimation Equations 4, 5, 7, and 8 were moderately
successful in estimating DMI on an individual cow basis as these equations explained 59.6.
62.6, 60.1, and 57.0% of the total variation associated with DMI, respectively (Table 3.3;
Table 3.4). Although g&uations 4, 5, 7, and 8 included similar model terms a8 thest
successful DMI estimation equations (Eq. 2, 3, and 6), thésss successful equations
did notinclude BW as a model parameter which wtag casen the 3 most successful
equations. ts wel I known that BW is highly correl

maintenance requirement and drives feed intake (VandeHaar, 2016; VandeHaar et al.,
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2016). In fact, a majority of published DMI equations include some iteration of BW (or
metabolic BV; BW®79 as a term in the model as BW tends to explain a substantial amount
of variation associated with feed intake (Connor, 2015; Halachmi et al., , 2004; Roseler et
al., 1997). Therefore, it may be possible that Equations 4, 5, 7, and 8 explaioddrate
amount of variation in DMI based on the N balance of N intake (as a function of diet N)
with the N outputs of milk N, UN, and fatN; however, accounting for endogendus
outputs using BW as a parameter in the equation may result in a more Gu@astssation

of DMI on an individual cow basis.

The3 most successful DMI estimation equations in this study were Equations 2, 3,
and 6 as these equations accounted for approximately 65.3, 63.9, and 68.2% of the total
variation associated with DMI (Table 3.3, Table 3aadFigure 35). All 3 equations
included milk N, a coefficient (B) associated with BW, BW, and an estimate of available
dietary N. Inregard to UN estimates in the equation, only Equation 2 included a coefficient
(C) multiplied by MUN to estimate UN while Equations 3 and 6 did not include a
estimation of UN as a portion of the equation. Lastly, Equation 6 allowed for dietary N
digestibility and MFN to be estimated during data analysis in PROC NLIN (SAS 9.4) while
Equations 2 and 3 had constant values assigned to dietary N digestibilljFaha/hich
were 83% and 3, respectively. Overall, Equation 6 proved to be the most successful

equation developed in this current study to estimate DMI on an individual cow basis.

Determination of Mean and Linear Biases in the8 Selected DMI Equations
As shown in Figure 8, mean and linear biases in each DMI estimation equation

were determined by regressing residuals (meaduestimated DMI values) on centered
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DMI estimates. Mean biases were not detected in any B siadected DMI estimation
equatons (P > 0.05). Linear biases were detected in each @ Hatected DMI estimation
equations such that Equations 2, 3, and 6 had linear bia€e8%#2 -0.0587, and0.0280,
respectivelyP < 0.05). The presence of negative linear biases 8egjuations indicates

that DMI is consistently being underestimated at low DMI and overestimated at high DMI.
To quantify the magnitude of the linear biases, biases at the minimum and maximum
estimated DMI values were determined for each equatieRiése, 2003). For Equation

2, the magnitude of the linear bias translates to approximately 0.42 kg/d DMI at the
minimum estimated DMI value (14.82 kg/d) and 0.53 kg/d at the maximumagstrdMI

value (32.16 kg/d). For Equation 3, the magnitude of the lindaias translates to
approximately 0.45 kg/d DMI at the minimum estimated DMI value (15.16 kg/d) and 0.54
kg/d at the maximum estimated DMI value (31.30 kg/d). For Equation 6, the magnitude
of the linear bias translates to approximately 0.22 kg/d DMhatninimum estimated

DMI value (15.08 kg/d) and 0.26 kg/d at the maximum estimated DMI value (31.22 kg/d).
As reported acros4 experimental studies conducted by our laboratory, the SE of DMI
measurements ranged from 0.46 to 0.62 kg/d DMI (Abdelatty.,e2@l7; Iwaniuk et al.,
2015). The magnitudes of the linear biases in Equations 2, 3, and 6 are smaller than the
maximum SE value (0.62 kg/d) reported in the aforementioned literature for DMI which
suggests that these biases are minimal (Abdelatty,e2@l7; Iwaniuk et al., 2015; St

Pierre, 2003).
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Evaluation of the 3 Selected DMI Estimation Equations

The descriptive statistics for tdevalidation datasets used to evaluatelkelected
DMI estimation equations are presented in Table 3.5. Tawatemkach DMI estimation
equation,2 different approaches were used. In the first approach, each DMI estimation
equation was analyzed within each validation dataset using PROC NLIN (SAS 9.4) to
generate new equation coefficients to estimate DMI (Table&hd regression analyses
were performed to compare measured and estimated DMI values (Table 3.7). In the second
approach, each DMI estimation equation was analyzed within each validation dataset using
the parameter coefficients generated during modeéldpment presented in Table 3.3
(Table 3.8). Model evaluation using the MES (Tedeschi, 2006) was completed for both
evaluation methods and the results are presented in Tables 3.9 and 3.10.

The coefficients generated from each DMI estimation equationinvidach
validation dataset usifgROC NLIN (SAS 9.%arepresentedn Table 3.6 and the results
of the regression analyses between measured anthesti DMI from these analyses are
shown in Table 3.7. With the exception of DMI estimation Equation 6 nvitalidation
dataset #2, the results of the regression analyses between measured and estimated DMI
values for all3 DMI estimation equations within adl validation datasets were improved
compared to the initial regression analyses from the modeling tatasented in Table
3.4. In addition, the average RMSE is lower for all DMI equations in the validation datasets
(Eq. 2, RMSE = 1.684; Eq. 3, RMSE = 1.725; Eg. 6, RMSE = 1.675) compared to the
modeling dataset (Eq. 2, RMSE = 1.943; Eq. 3, RMSE = 1.9§26 ERMSE = 1.860).
The improvement in the Rvalues and reduction in RMSE for the DMI estimation

equations in the validation datasets may be attributed to that fact that random, individual
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cow variation was accounted for during the experimental desigsepor data analysis and
individual cow variation can account for a large portion of error in parameters such as DMI
(Connor, 2015; Shonka and Spurlock, 2013Ptetre and Weiss, 2009). On average, the
regression analyses using the validation datasetiiped the following results: Equation

3 was least successful{R 0.704), Equation 2 was moderately successfaHR.718),

and Equation 6 was most successfidl¥R.719) at explaining the total variation associated
with DMI which mirrors the resultef the regression analyses using the modeling dataset
(Eg. 3, R=0.639; Eq. 2, R=0.653; and Eq. 6,R 0.682). Based on the results of this
portion of the equation evaluations, the most successful equation developed to estimate
DMI on an individual cow basis is still Equation 6.

The results of the evaluation conducted using the MES (Tedeschi, 200@ebet
measured and estimated DMI values using 3h&elected DMI equations within each
validation dataset are presented in Table 3.9. On average across all validation datasets, the
best DMI estimation equation was Equation 6. The averdgalRes for Equiions 2, 3,
and 6 were 0.718, 0.704, and 0.719, respectively. In additioAwdigh tests accuracy,
the CCC was also estimated as it is a measure of both accuracy and precision in which a
value of 1.0 is indicative of a perfect agreement between mebanceestimated values
(Tedeschi, 2006). The average CCC values for Equations 2, 3, and 6 were 0.826, 0.819,
and 0.828, respectively. As it had the highest value for both statistics compared to the other
DMI estimation equations, Equation 6 was the masturate and precise equation.
Additionally, Equation 6 had the smallest, average mean ba60{f) compared to
Equatiors 2 (-0.013) and 3-0.009) and this value indicates that Equation 6 underestimated

DMI by 0.007 kg/d, on average. Equation 6 alsd ttee smallest RMSEP (1.682 kg/d)
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compared to Equation 2 (1.687 kg/d) and Equation 3 (1.733 kg/d). When MSEP was
decomposed, Equation 2 had the smallest mean bias (0.031%); however, Equation 6 had
the smallest linear bias (3.430%). Lastly, Equation 6thadargest portion of random
error (96.54 %) as a component of MSEP as compared to the other equations which
indicates that Equation 6 had less combined mean and linear biases (% SMEP) compared
to the other equations. Overall, Equation 6 proved todedst equation to estimate DMI
on an individual cow basis compared to the other selexedtions.

During the next phase of equation evaluation, DMI was estimated using each of the
3 selected equations within each validation dataset using the origefatmmts generated
during equation development as shown in Table 3.3. The results of the regression analyses
between measured and estimated DMI values for each equation within each validation
dataset are presented in Table 3.8. For Validddatasetsl, 2, and 3, the results of the
regression analyses {Rnd RMSE) are very similar for this analysis as discussed in the
previous analysis, which used the validation datasets to generate new parameter
coefficients for each DMI estimation equation. Howe\uer this analysis, Validation
Dataset 4 had much lower success in estimating DMI Biedjuations (Eq. 2, R= 0.445,
RMSE = 2.984; Eq. 3, R 0.439, RMSE = 2.999; Eq. 6°R 0.441; RMSE = 2.996). As
shown in Table 3.3he average DMI for Validatio Dataset 4 was 23, 2@&nd 21% larger
than Validation [@tasets 1, 2, and 3, respectively. As discussed previously, there was a
minimal, but detected linear bias associated with each DMI equation such that DMI was
overestimated at high DMI values. BecaudMI was substantially higher in Validation
dataset 4 as compared to the oealidation datasets, it is possible that the effects of the

linear biases were more profound in this dataset which reduced the DMI estimation
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performance in alB selected DNlequations. On average, Equations 2, 3, and 6 explained
65.2, 64.9, and 63.7% of the total variation associated with DMI. Therefore, the most
successful equation developed to estimate DMI on an individual cow basis is Equation 2
based on this portion the evaluation.

The results of the evaluation conducted using the MES (Tedeschi, 2006) between
measured and estimated DMI values using 3h&elected DMI equations within each
validation dataset are presented in Table 3.10. The avefagduRs forEquations 2, 3,
and 6 were 0.652, 0.649, and 0.637, respectively; thus, Equation 2 had the strongest
measure of accuracy as determined Byw#&ues. Similarly, Equation 2 had the lowest
mean bias-0.261) as compared to Equation-3.808) and Equation ®.710). However,
Equation 6 had the highest CCC (0.709) and lowest RMSEP (2.163 kg/d) compared to
Equation 2 (0.686; 2.318 kg/d) and Equation 3 (0.686; 2.325 kg/d), respectively. Looking
at the MSEP decomposition, Equation 3 had the smallest linea(h&96); however,
Equation 6 had the smallest mean bias (14.91%). Lastly, the largest portion of random
error (% MSEP) belonged to Equation 6 (81.04%) as compared to the other equ&gons.
found that Equation 6 had the lowestmbined mean and lineaiabes (% MSEP)
compared to the other equations. Although Equation 2 had the higteesd Rwest mean
bias values and Equation 3 had the smallest slope bias value, Equation 6 still proved to be
the best equation to estimate DM individual cows compare to the other selected
equations as it had the highest CCC value and lowest RMSEP, mean bias (% MSEP), and
random error (% MSEP) values.

Although DMI estimation Equations 2 and 3 were strong candidates, Equation 6

was selected as the best equatiorstoreate DMI on an individual cow basis based on the
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performance of the equation during rigorous evaluation. The principal components of this
equation include N outputs of milk NendogenousN (B x BW), and the available
concentration of dietary N (I x DigN x MFN). It is interesting to note that this equation
does not contain a UN component estimated by the multiplication of a coefficient (C) by
MUN. The relationship between MUN and DMI was assessed using regression analyses
within the modeling datasand the relationship was quite poor (data not shown). Although
MUN has been shown to be highly correlated to UN, the relationship between MUN and
DMI has yet to be established (Jonker et al., 1998; Kauffman aRee®e, 2001; Kohn et

al., 2002). Sevetdactors have been shown to affect MUN such as diet composition, water
intake, milking time, milking frequency, and breed (Ishler, 2017). Therefore, when used
as a parameter in the equation to estimate DMI, MUN may not explain much of the total
variation associated with DMI as the relationship between DMI and MUN may vary

depending on additional dietary and production factors.

APPLICATIONS TO THE DAIRY INDUSTRY

Overall, Equation 6 proved to be the most successful developed equation used to
estimate DMI on an individual cow basis. Equation 6 was the most simplistic DMI
estimation equation developed during this study in regard to parameter inclusion and its
simplicity may increase the likelihood that this equation would be uséaronto estimate
DMI as a dairy producer would only be required to record/calculate the follo®ving
parameters: 1) milk N based on milk yield and milk protein concentration on the individual
cow, 2) BW of the individual cow, and 3) dietary N from the herd ration composition.

These inputs are relatively straigiorward to measure; therefore, Equatiom#&y be used
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as a simple, practical method to estimate DMI on an individual cow basis even if cows are
fed in a group setting.
Dairy producers may be able to utilize the results of this study to calculate DMI,
and subsequently FE, on an individual cowibavhich has been a virtually impossible feat
on standard dairy farms as cows are often fed in groups. The knowledge of an individual
cowds FE status may help producers make mo
current herd as they will have thbilgty to select for more efficient cows which would
increase profitability. In regartb future herd improvements, dairy producers can select
highly efficient cows for genetic selection to improve the FE of future generations within
the herd. ImprovindgE will result in increased profitability for dairy producers as well as

a reduction in the environmental impact of dairy production.

CONCLUSIONS

The results of this study indicate that DMI can be successfully estimated on an
individual cow basisising common, ofiarm measurements. The results of this study can
be utilized by dairy producers to estimate DMI, and subsequently FE, on an individual cow
basis to select for more efficient cows in current and future herds. Future research should
be conpleted that examines the relationship between the DMI estimated from each of the
3 selected DMI equations and measured DMI on farm in a controlled experiment.
Additionally, the3 selected DMI estimation equations developed in this study should be
evaluatel against any additional DMI equations that are currently being used in the dairy

industry.
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Table 3.1 Estimation equations for BW, milk yieldmilk protein (%), and MURI

ltem Model

BW, kg = DIM?® + DIMSd

Milk Yield, kg/milking = Time> + DIM + DIMSq

Milk Protein, %/milking = Time + Milk! + Milk*Time ® + DIM + DIMSq
MUN?, mg/d_/milking = Time + Milk + Milk*Time + DIM + DIMSq

Milk Yield = Milk yield per milking (AM vs. PM).

2MUN = Milk urea N (mg/d. per milking).

3DIM = Days in Milk.

‘DIMSq = DIM*DIM.

STime = Time of milking (AM vs. PM).

®Interactive effect of milk yield (per milking) and time of milking (AM vs. PM).
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Table 3.2 Descriptive statistics for the continuous variables used to estimate the individual
DMI of lactating dairy cows.

ltem®? Mean Sp? Minimum Maximum
DMI4, kg/d 22.45 3.30 14.72 31.24
MilkN ®, g/d 212.32 32.63 137.35 303.28
Milk Yield®, kg/d 43.98 7.30 27.56 64.32
Milk Protein, % 2.82 0.24 1.80 3.87
BW’, kg 583.7 61.3 456.4 763.7
MUNS, mg/d. 11.79 2.62 4.67 18.34
Dietary CP, % 16.59 0.73 14.70 18.50
DietarleO, g/d 26.55 1.16 23.52 29.60

All continuous variables (except DMI) contain both actaafl estimated values based on the
estimation equations described in Table 3.1 and Fdudg 3.4

2Sample size for each variable (n) = 8,081 means averaged weekly on an individual cow basis.
3SD = standard deviation.

4DMI = Dry matterintake.

SMilkN = (Protein yield (g/d)/6.25)/(0.93).

5Milk yield (kg/d) = AM Milk (kg/d) + PM Milk (kg/d).

‘BW = Body weight.

8MUN = Milk urea N.

9CP = Crudeorotein (%DM basis.

Dietary N = (Dietary CP (%)/6.25) x 10.
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Table 3.3 Equations used to estimate individual cow DMI based on commdaronmeasurements of-bieekly dietary composition
and production data means.

Model Estimate
Eq. DMI! EstimationEquations Terms  Coeff. SE

1 DMI (kg/d) = (MilkN2? + (A3 x BW* x MUNY))/(0.83 x DietN’ - 3%) A 0.031 0.000
DMI (kg/d) = (MilkN + (B® x BW) + (CX° x MUN))/(0.83 x DietN- 3) B 0.355  0.001
C 0.504 0.042
3 DMI (kg/d) = (MilkN + (B x BW))/(0.83 x DietN\- 3) B 0.367  0.000
4 DMI (kg/d) = (MilkN + D™ + (C x MUN))/(0.83 x DietN + 87 EY) D 1677  1.898
C 0.394 0.058
E 9.659 0.093
5  DMI (kg/d) = (MilkN + (C x MUN) + (P4 x Milk5 x MUN))/(DietN - (126 x DietN)i MFNY)  C 5.424  0.038
F -0.095 0.001
I 1.006 0.007
MEN -10.271 0.191
6 DMI (kg/d) = (MilkN + (B x BW))/(I x DietN- MFN) B 0.373  0.002
I -0.046  0.012
MFN  -20.348 0.329
7 DMI (kg/d) = (MilkN + (C x MUN))/(I x DietN- MFN) C 3.145 0.035
I -0.012 0.008
MEN  -11.510 0.218
8 DMI (kg/d) = (D x (MilkN + MUN))/(0.83 x DietN- 3) D 1.895 0.001

9 DMI® (kg/d) = ((MilkN + (MUN x 12.54°% + 9729/(0.83))/(CPY10) --22 -- --

10 DMIZ (kg/d) = ((MilkN + (MUN x BW x 0.0258" + 97)/(0.83))/(CP/10) -- -- --
DMI = Dry matter intake (kg/d).
2MilkN = (Milk protein yield (g/d)/6.25)/(0.93).
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3A = coefficient used to estimate N output basedlmges in body weightgB \\Wkg) andmilk urea N e M U Nmg/dL).

‘BW = Body weight (kg).

SMUN = Milk urea N (mg/dL).

60.83 = constant used to estimate the digestibility of dietary N.

'DietN = Dietary N = Dietary crude protein (%)/6.25) x 10.

83 = constant used to estimate metabolic fecal N (MFN).

B = coefficient used to estimate N output based on a&BW.
C = coefficient used to estimate N output based on &a&MUN.
1D = intercept used fagstimated UN output.

125 = constant used to estimate metabolic fecal N (MFN).

13E = adjustment in differences in diet N availability and MFN.

Y = coefficient used to estimate N output based on @a&Mil k and &MUN
BMilk = total milk yield (kg/d).

18] = coefficient used to estimate digestibility of dietary N.

YMFN = coefficient used to estimate metabolic fecal N (g/d)

BDMI estimation equation proposed by Jonker et al. (1998).

1912.54 = slope based on the relationship between MUN and UN excretionr(@bake 1998)

2097 = estimate oéndogenousl (Jonker et al., 1998).

21CP =Crude protein% DM basis)

22DMI estimation equations did not have estimated model coefficients or SEs.

2DMI estimated using a modifiedonker equation proposed by Kohrakt(2002).

240.0259 = coefficient proposed by Kohn et al. (2002) to estimate UN based on MUN and BW.
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Table 3.4 Regression relationships betwesserved andstimatedMI for the proposed
DMI equations.

P- P- P-

Eg. Slope SE value Int. SE value R?> RMSE \value
12 0.645 0.008 <.0001 8.183 0.168 <.0001 0.478 2.382 <.0001
2> 0.948 0.008 <.0001 1.191 0.174 <.0001 0.653 1.943 <.0001
3* 0.941 0.008 <.0001 1.341 0.178 <.0001 0.639 1.982 <.0001
4> 1.000 0.009 <.0001 0.008 0.207 0.9679 0.596 2.095 <.0001
5°  0.923 0.008 <.0001 1.758 0.180 <.0001 0.626 2.017 <.0001
6’ 0.972 0.007 <.0001 0.638 0.167 0.0001 0.682 1.860 <.0001
78 0.797 0.007 <.0001 4.626 0.163 <.0001 0.601 2.083 <.0001
8° 0.738 0.007 <.0001 5.987 0.161 <.0001 0.570 2.161 <.0001
9 0.802 0.014 <.0001 5.794 0.285 <.0001 0.299 2.759 <.0001
10! 0.704 0.010 <.0001 6.847 0.223 <.0001 0.381 2594 <.0001

'RMSE = root mean square error.

2DMI (kg/d) = (MilkN + (A x BW x MUN))/(0.83 x DietN- 3).

3DMI (kg/d) = (MilkN + (B x BW) + (C xMUN))/(0.83 x DietN- 3).

‘DMI (kg/d) = (MilkN + (B x BW))/(0.83 x DietN- 3).

DM (kg/d) = (MilkN + D + (B x MUN))/(0.83 x DietN + 5 E).

’DMI (kg/d) = (MIlkN + (C x MUN) + (F x Milk x MUN)/(DietN- (I x DietN) i MFN).

'DMI (kg/d) = (MIlkN + (B x BW))/(l x DietN - MFN).

8DMI (kg/d) = (MilkN + (C x MUN))/(I x DietN - MFN).

°DMI (kg/d) = (D x (MilkN + MUN))/(0.83 x DietN- 3).

1DMI (kg/d) = ((MilkN + (MUN x 12.54) + 97)/(0.83))/(CP/10).

1PMI (kg/d) = ((MilkN + (MUN x BW x 0.0259) + 97)/(0.83))/(CP/10).
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Table 3.5 Descriptive statistics for continuous variablegt@kperiments used to validate t&3*selected DMI estimation equations.

Validation Datasel® Validation Datasep® Validation DataseB’ Validation Datase#®
ltem Mean SD Mean SD Mean SD Mean SD
DMI®, kg/d 23.0 3.0 222 2.7 23.2 3.0 28.2 4.0
MilkN 10, g/d 197.8 30.0 191.3 29.5 1777 22.6 2517 312
Milk Yield, kg/d 39.2 6.7 373 6.5 347 51 451 6.6
Milk Protein, % 2.95 0.23 3.01 0.26 3.00 0.23 3.26 0.20
BW2, kg 635 53 640 77 672 70 672 58
MUN?*?, mg/d. 13.8 2.0 15.1 2.0 12.5 1.9 143 33
CP3 % 15.5 0.2 15.9 0.0 16.0 0.1 16.5 0.0
DietN, g/d 24.8 03 25.4 0.0 25.5 0.2 26.4 0.0
NILS, g/d 569 74 564 69 593 77 745 106

1Based on the results of the Deltimation equation evaluation shown in Table 3.4.
2Equation 2DMI (kg/d) = (MilkN + (B x BW) + (C x MUN))/(0.83 x DietN 3).
SEquation 3DMI (kg/d) = (MilkN + (B x BW))/(0.83 x DietN- 3).

4Equation 6DMI (kg/d) = (MIlkN + (B x BW))/(l x DietN- MFN).

SValidation Dataset = Iwaniuk et al., 2015 (n = 80; Exp. 2).

6Validation Datase® = Iwaniuk et al., 2015 (n = 80; Exp. 3).

Validation Datase8 = Weidman et al., 2018 (unpublished data; n = 52).
8Validation Datase# = Moallem et al., 2014 (unpublighéata; n = 407).

°DMI = Dry matter intake (kg/d).

OMilkN = (Milk protein yield (g/d)/6.25)/(0.93).

1BW = Body weight (kg).

12MUN = Milk urea N (mg/dL).

13CP =Crude protein (% DMasis)

1DietN = Dietary N = (Dietary crude protein (%)/6.25) x 10.

NI = N intake (g/d).
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Table 3.6 Parameter estimates for tBeselected DMI estimation equations é&ped
from the4 validationdatasets.

Model Estimate

DMI Eq. VD! Terms Coefficient SF
23 14 B® 0.371 0.0
(o -2.144 1.5
27 B 0.2 0.031
C 2.100 1.293
38 B 0.350 0.028
C 0.646 1.501

4° B 0.251 0.1
C 6.50 6.544
310 1 B 0.325 0.005
2 B 0.38 0.005

3 B 0.3& 0.0
4 B 0.428 0.021

6t 1 B 0.3® 0.097
12 1.94%6 0.687
MFN® 28.598 16.307
2 B 0.340 0.069
I 0.884 0.079

MFN 4.000 14
3 B 0.356 0.091
I 2.079 0.885
MFN 35.035 21.577
4 B 0.827 1.514
I 1.266 1.223

MFEN 6.0 14

VD = validationdataset

2SE = standard error of each individual coefficient.

SEquation 2DMI (kg/d) = (MIlkN + (B x BW) + (C x MUN))/(0.83 x DietN- 3).

4Validation Dataset = Iwaniuk et al., 2015 (n = 80; Exp. 2).

B = coefficient used to estimate N output base
C = coefficient used to estimate N output base
Validation Datase®? = Iwaniuk et al., 2015 (n = 80; Exp. 3).

8Vvalidation DataseB = Weidman et al., 2018 (unpublished data; n = 52).

%Validation Datase# = Moallem et al., 2014 (unpublished data; n = 407).

Equation 3DMI (kg/d) = (MilkN + (B x BW))/(0.83 x DietN- 3).

HEquaton 6:DMI (kg/d) = (MilkN + (B x BW))/(I x DietN- MFN).

2] = coefficient used to estimate digestibility of dietary N.

BMFN = coefficient used to estimate MFN.

1SE was not estimated for these coefficients.
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Table 3.7. Regression relationships betwedrserved andstimateddMI for the proposed DMI equations developed using estimated
DMI coefficients generated from tievalidation datasets

DMI Eq. VD2 Slope SE P-value Int. SE P-value R? RMSE*  P-value
2° 16 1.066 0.083 <.0001 -1.540 1.907 0.4218 0.681 1.708 <.0001

27 0.934 0.076 <.0001 1.480 1.685 0.3824 0.662 1.580 <.0001

38 1.209 0.078 <.0001 -4.875 1.818 0.0099 0.827 1.235 <.0001

49 0.973 0.032 <.0001 0.768 0.900 0.394 0.700 2.214 <.0001

3t 1.084 0.085 <.0001 -1.971 1.967 0.3193 0.675 1.724 <.0001

1

2 0.886 0.072 <.0001 2.547 1.613 0.1185 0.658 1.590 <.0001
3 1.183 0.078 <.0001 -4.268 1.815 0.0227 0.821 1.256 <.0001
4 0.964 0.034 <.0001 1.017 0.973 0.2967 0.662 2.328 <.0001
1 1.120 0.084 <.0001 -2.795 1.950 0.1558 0.693 1.676 <.0001
2 0.889 0.073 <.0001 2.494 1.619 0.1274 0.657 1.590 <.0001
3 1.159 0.075 <.0001 -3.708 1.744 0.0384 0.827 1.236 <.0001

4 0.986 0.032 <.0001 0.387 0.914 0.6723 0.699 2.198 <.0001
Estimated DMI values were developed using new coefficients generated from PROC NLIN (SAR9.#stitute,Cary, NC) using thet
validation datasets.
2VD = validationdataset
3SE = standard error.
“RMSE = root mean square error.
SEquation 2DMI (kg/d) = (MilkN + (B x BW) + (C x MUN))/(0.83 x DietN 3).
®Validation Dataset = lwaniuk et al., 2015 (n = 80; Exp. 2).
Validation Datase? = Iwaniuk et al., 2015 (n = 80; Exp. 3).
8Vvalidation DataseB = Weidman et al., 2018 (unpublished data; n yz 52
%Validation Dataset 4 Moallem et al., 2014 (unpublished data; n = 407).
0Equation 3DMI (kg/d) = (MIlkN + (B x BW))/(0.83 x DietN- 3).
HEquation 6DMI (kg/d) = (MilkN + (B x BW))/(I x DietN- MFN).

126



Table 38. Regression relationships betwedrserved andstimateddMI for the 3 selected DMlequations developed using estimated
DMI coefficients generated from the modeling dataset using tladidation datasets

DMI Eq. VD? Slope SE P-value Int. SE P-value R? RMSE*  P-value
2° 16 1.049 0.082 <.0001 -2.693 2.011 0.1844 0.678 1.717 <.0001

27 0.852 0.070 <.0001 2.117 1.645 0.202 0.659 1.587 <.0001

38 1.199 0.078 <.0001 -4.750 1.818 0.0118 0.826 1.240 <.0001

4° 1.279 0.071 <.0001 -5.39 1.871 0.0042 0.445 2.984 <.0001

3t 1.046 0.081 <.0001 -2.675 1.994 0.1837 0.681 1.708 <.0001

1

2 0.840 0.069 <.0001 2.409 1.631 0.1438 0.656 1.594 <.0001
3 1.174 0.077 <.0001 -4.284 1.816 0.0223 0.821 1.256 <.0001
4 1.260 0.071 <.0001 -4.96 1.869 0.0083 0.439 2.999 <.0001
1
2
3

6 1.111 0.092 <.0001 -2.180 2.097 0.3019 0.650 1.789 <.0001

0.882 0.072 <.0001 2.394 1.634 0.1469 0.655 1.595 <.0001
1.220 0.086 <.0001 -4.149 1.931 0.0365 0.801 1.325 <.0001

4 1.270 0.071 <.0001 -5.09 1.872 0.0068 0.441 2.996 <.0001
1Estimated DMI values were developed using the initial coefficients generated from PROC NLIN (S3&3ldstituteCary, NC) using modeling
dataset (Table 3.3).
2VD = validationdataset
3SE = standard error.

“RMSE = root mean square error.

SEquation 2: DMI (kg/d) = (MilkN + (B x BW) + (C x MUN))/(0.83 x DietN 3).
6Validation Dataset = Iwaniuk et al., 2015 (n = 80; Exp. 2).

Validation Datase? = Ilwaniuk et al., 2015 (n = 80; Exp. 3).

8Validation DataseB = Weidman et al., 2018 (unpublished data; n = 52).
%Validation Dataset 4 Moallem et al., 2014 (unpublished data; n = 407).
Equation 3DMI (kg/d) = (MilkN + (B x BW))/(0.83 x DietN- 3).

HEquation 6DMI (kg/d) = (MIlkN + (B x BW))/(I x DietN- MFN).
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Table 3.9 Evaluation of the3 selected equations used to estimate DMI on an individual cow basis using estimated DMI coefficients
generated from thé validation datasets

MSEP decomposition(%)

RMSEP Random
DMIEq. VD2 R? Mean bias ccec (kg/d) Mean bias  Slope bias error

2° 1’ 0.681 -0.02 0.799 1.693 0.026 0.814 99.169
28 0.6&2 0.0 0.8 1.568 0.002 0.980 99.017

3° 0.827 -0.02 0.874 1.296 0.104 12.476 87.431

410 0.700 0.002 0.827 2.190 0.000 0.181 99.819

3t 1 0.675 -0.031 0.791 1.713 0.033 1.243 98.724
2 0.6 0.028 0.808 1.594 0.032 3.064 96.904

3 0.821 -0.037 0.8%H 1.298 0.083 9.873 90.044

4 0.662 0.004 0.802 2.326 0.000 0.271 99.729

6% 1 0.693 -0.06 0.797 1.677 0.024 2.542 97.434
2 0.657 0.030 0.807 1.594 0.036 2.918 97.047

3 0.827 -0.036 0.883 1.265 0.080 8.214 91.706

4 0.699 0.0 0.8%5 2.193 0.001 0.044 99.956

!Estimated DMI values were developed using new coefficients generated from PROC NLIN (SA39.#stitute,Cary, NC) using the!
validation datasets.

2D = validationdataset

3CCC = concordance correlation coefficient.

“RMSEP = root mean squared errors of prediction.

SMSEP = mean squared errors of prediction.

SEquation 2DMI (kg/d) = (MilkN + (B x BW) + (C x MUN))/(0.83 >DietN - 3).
"Validation Dataset = lwaniuk et al., 2015 (n = 80; Exp. 2).

8Vvalidation Datase® = lwaniuk et al., 2015 (n = 80; Exp. 3).

%Validation Datase8 = Weidman et al., 2018 (unpublished data; n = 52).
ovalidation Datase# = Moallem et al., 201@unpublished data; n = 407).
HEquation 3DMI (kg/d) = (MilkN + (B x BW))/(0.83 x DietN- 3).

Equation 6 DMI (kg/d) = (MilkN + (B x BW))/(I x DietN- MFN).
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Table 310. Evaluation of the3 selected equations used to estimate DMI on an individual ceis baing estimated DMI coefficients
generated from the modeling dataset usingitiialidation datasets

MSEP decomposition(%)

RMSEP Random

DMI Eq. VD2 R2 Mean bias cce (kg/d) Mean bias  Slope bias error
26 1’ 0.678 -1.502 0.6 2.268 43.888 0.253 55.859
28 0.6 -1.3% 0.715 2.1® 41.391 3.201 55.408

3° 0.8% -0.127 0.874 1.29 0.949 11.442 87.609

410 0.445 1.938 0.4& 3.599 28.984 2.607 68.409

3 1 0.681 -1.548 0.690 2.287 45.422 0.227 54.351
2 0.6% -1.338 0.714 2.119 41.04 3.815 55.145

3 0.821 -0.225 0.874 1.312 2.945 8.89 88.165

4 0.439 1.892 0.4 3.582 27.903 2.33 69.767

62 1 0.650 0.33 0.7al 1.814 3.369 1.762 94.870
2 0.655 -0.254 0.803 1.621 2.457 3.215 94.328

3 0.801 0.774 0.816 1.584 23.889 8.829 67.282

4 0.441 1.987 0.457 3.63 29.908 2.406 67.686

!Estimated DMI values were developed using the initial coefficients generated from PROC NLIN (S3&®ldstituteCary, NC) using modeling
dataset (Table 3.3).

2D = validationdataset

3CCC = concordanceorrelation coefficient.

“RMSEP = root mean squared errors of prediction.

SMSEP = mean squared errors of prediction.

SEquation 2DMI (kg/d) = (MilkN + (B x BW) + (C x MUN))/(0.83 x DietN 3).
"Validation Dataset = lwaniuk et al., 2015 (n = 80; Exp. 2).

8Vvalidation Datase® = lwaniuk et al., 2015 (n = 80; Exp. 3).

%Validation Datase8 = Weidman et al., 2018 (unpublished data; n = 52).
ovalidation Datase# = Moallem et al., 2014 (unpublished data; n = 407).
HEquation 3DMI (kg/d) = (MilkN + (B x BW))/(0.83 x DietN- 3).

Equation 6 DMI (kg/d) = (MilkN + (B x BW))/(I x DietN- MFN).
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Figure 3.1 Relationship betweenbservedand estimatedvalues for BW. [BW (kg) =
1.000x + 0.0000; intercept = 1.0000; intercept SE = 1.01; slope= < 0.0001, slope SE
=0.00171, R= 0.985 root mean (predicted) standard er®@MSE) = 8.23; n = 5116].
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Figure 3.2 Relationship betweenbservedand estimatedvalues for milk yield. [MY

(kg/milking) = 1.0000x + 0.0002; intercept= 1.0000; intercept SE

0.0012R 0.86; RMSE= 1.75; n = 140,101].
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Figure 3.3 Relationship betweeobservedandestimatedralues for milk protein percent.
[Milk protein (% per milking) = 1.000x + 0.0000; intercePpt=1.0000; intercept SE =
0.008; slopeP = <0.0001, slope SE = 0.00R?= 0.98; RMSE= 0.070; n = 9,915].
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Figure 3.4. Relationship betweenbservedindestimatedsalues for MUNJMUN (mg/dL
per milking) = 1.000x + 0.0000; intercelpt= 1.0000; intercept SE = 0.058lopeP = <
0.0001, slope SE =0.60R? = 0.841; RMSE = 1.22; n = 8670].
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Figure 3.5. Relationship betweeabservedandestimatedDMI values for the3 selected
DMI equations (A) Equation 2 [DMI (kg/d) = 0.948x + 1.191; intercept< 0.0001;
intercept SE = 0.174; slofie< 0.0001; slope SE = 0.00R? = 0.653; RMSE = 1.94P <
0.0001], (B) Equation 3 [DMI (kg/d) = 0.941x + 1.341; intercépt 0.0001; intercept SE
=0.178; slopd < 0.0001; slope SE = 0.0082R 0.639; RMSE = 1.982 < 0.0001], and
(C) Equation 6 [DMI (kg/d) = 0.972x + 0.638; interc&pt 0.0001; interceptiS=0.167,
slopeP < 0.0001; slope SE = 0.0072R 0.682; RMSE = 1.86@ < 0.0001].
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Figure 3.6. Plots of residualsopserved estimatedDMI values) regressed on centered
estimated DMI values (each DMistimatedi mean of all DMIestimation} for the
evaluation of mean and linear biases in the follov@sgected DMI estimation equations.
(A) y =-0.05219(x- 22.4294) + 0.02073; intercept= 0.3376; intercept SE = 0.02162;
slopeP < 0.0001; slope SE = 0.00769%? R 0.0057; RMSE = 1.9432 (DMI Equation 2),
(B) y =-0.05874(x- 22.4263) + 0.02383; intercept= 0.2799; intercept SE = 0.0221;
slopeP < 0.0001; slope SE = 0.00788% R 0.0068; RMSE = 1.9823 (DMI Equation 3),
and (C) y =0.0280(x- 22.4403) + 0.00978; intercept= 0.6363; intercept SE = 0.0207;
slopeP = 0.0002; slope SE = 0.00742 R 0.0018; RMSE = 1.8596 (DMI Equation 6).
Although mean biases were not statistically significant for any of these equatio8s, all
DMI estimation equations had statistically significant linear biases.
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CHAPTER 4: EXPERIMENT 2

Determination of the relative discriminatory power of several biological,
production, and dietary factors that affect the dairy FE ratio using3

complementary discriminant analyse$

lwaniuk, M. E., E. E. Connor, and R. Ardman.Determination of the
relative discriminatory power of several biological, production, and dietary
factors that affect the dairy FE ratio usiBgcomplementary discriminant
analyses In preparation for submission to the Journal of Dairy Science.
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INTERPRETIVE SUMMARY

Determination of the relative discriminatory power of several biological, production,

and dietary factors that affect the dairy feed efficiency ratio using® complementary
discriminant analyses Iwaniuket al., page 000Using a dataset provided by th&DA,

3 complementary discriminant analyses (DAs) were conducted in order to determine the
relative importance of biological, production, and dietary factors on dairy feed efficiency
(FE), which was calculated as ECM per unit of DMI. The following varislere used

to develop the discriminant function: BW, days in n{flKM), calving month, parity, milk

fat yield, milk protein yield MUN, NE_, CP, and NDF. If daily data were missing, BW,

milk yield, milk fat, milk protein, and MUN were estimated usingeneralized linear
modeling technique. The results of the discriminant analyses indicated that cows can be
successfully separated (O 10.04% error rat
FE groups using biological, production, and dietary paramétewhich milk fat yield,

DIM, and BW were thé most important variables to consider when predicting FE group
membership.

Determination of the relative discriminatory power of several biological,
production, and dietary factors that affect the dairy FE ratio using 3
complementary discriminant analyses
M. E. Iwaniuk?, E. E. Connof, and R. A. Erdman'*
!Animal and Avian Sciences Department,
University of Maryland,
College Park, MD 20742
2Agricultural Research Service,
Animal Genomics and ImprovementLaboratory,
United States Department of Agriculture,
Beltsville, MD 20705
*Corresponding Author: erdman@umd.edu
Richard A. Erdman

Department of Animal & Avian Sciences,
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ABSTRACT

Dairy feed costs account for approximately 50% of the total costs associated with
milk production. In order to reduce feed costs per unit of milk produced, dairy producers
are interested in selecting cows with high feed efficiefdy)( Howewer, most cows are
fed in a group setting such that the DMI of an individual cow basis is unknown. Thus, FE
ratios for individual cows cannot be calculated most dairy farms. Because several
factors affect dairy FE, the hypothesis of this study was daaty cows could be
successfully separated into High and Low FE groups based on commeabured
biological, production, and dietary parameters without requiring individual DMI to be
measured. Therefore, the objective of this study was to differengatedn High and
Low FE dairy cows based on several factors and to determine the relative discriminatory
power of each factor on FE group assignment. The dataset for this study was provided by
the United States Department of Agriculture and it contain@d07weekly production
records averaged by cow for 522 cows across 334 weeks. Dairy FE was calculated for
each weekly cow record and weekly cow means were classified into the folldwmqel
quartiles based on their GElvaf#ueld3) 1)9#FE<
and 4) FE O 2.12. Because most dairy pr
substantially above or below average, only
25% of weekly cow FE means were retained for the discrinhianalyses resulting in
1,899 weekly cow records per FE group. A stepwise discriminant analysis (SDA) was used
as a data reduction technique to reduce the number of variables used in the canonical
(CDA) and basic discriminant analyses (DA). Nine varigblere selected based on the
SDA: body weight BW; kg/), days in milk, calving month, parity, milk fat yield (g/d),
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milk urea nitrogen§IUN ; mg/dL), net energy of lactatiolNEL; Mcal/kg), crude protein

(CP; %), and neutral detergent fibeMDF; %). Afterthe SDA, the data &rerandomly

split into a training data set (70.01%) which was used to develop the can@wdd) (
function and the test dataset (29.99%) which was used to assess if the High and Low FE
groups were effectively separated by the CAN fiarctTheCDA and DA were performed

using all9 original variables, and the results of these analyses indicated that cows can be
successfully separated (O 10.04% error
commonlymeasured parameters. Once the perfageaf the fulmodel CAN function

had been assessed, original variables were systematically removed from the CDA to
generatel2 reduced CAN functions. Variables were removed in order of their increasing
discriminatory power based on the partidir&suls of the SDA. Milk fat yield, DIM, and

BW had the most discriminatory power and using only tigesariables to predict FE
group membership resulted in a misclassification error rate of approximately 11.01%. The
discriminatory power of milk fat yield, DM, and BW was not equal. When used as the
sole variable included in the CAN function, milk fat yield, DIM and BW has
misclassification error rates of 22.30, 28.04, and 45.12%, respectively. In conclusion, dairy
producers can successfully select betweéghtand Low FE cows based on several
commonlymeasured parameters without requiring the costly and -iabemsive

measurement of DMI.

Key Words: feed efficiency, discriminant analysis, milk fat yiepadediction
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INTRODUCTION

Dairy feed costsrepresent the single largest expense associated with milk
production on dairy farms (Beck and Ishler, 2016; Hardie et al., 2017; Valvekar et al.,
2010). Currently, feed costs account for approximately 50% of total production costs for
milk production (Bek and Ishler, 2016; USDARS, 2018; Hardie et al., 2017). Because
feed costs affect profitability, dairy producers are interested in calculating feed efficiency
(FE) on an individual cow basis such that highly efficient cows can be selected for current
and future herds through management and genetic selection (Erdman, 2011). Ultimately,
selecting for high efficiency cows will reduce feed costs as well as the environmental
impact of milk production while improving producer profitability and increasing milk
production to meet the demands of the growing global population (Capper et al., 2009;
VandeHaar et al., 2016).

One of the most common methods used to estimate dairy FE is to calculate the ratio
of energycorrected milk ECM; kg/d) per unit of dry matteantake OMI ; kg/d) (DRMS,

2014). One major issue associated with calculating the FE ratio is that DMI is rarely
measured on individual cows on most dairy farms as DMI measurements tend to be costly
and labor intensive (Connor et al., 2013; Faverdin gt28l17; Halachmi et al., 2004).
Thus, it would be advantageous for dairy producers to be able to differentiate between high
and low efficiency cows in their herds without measuring DMI,

Research has shown that several biological, production, and detéoys affect
dairy FE. For example, $tierre (2012) demonstrated that stage of lactation, or days in
milk (DIM), significantly affects FE such that FE is highest during early lactation (~60

DIM) and steadily declines until a cow reaches the dry ofiogef305 DIM). Dairy FE
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changes throughout lactation because cows reach their peak milk production at
approximately 60 DIM during which time their DMI has not yet peaked and they are
mobilizing body tissue to support the demands of milk production swathFth is high

(NRC, 2001). However, as lactation continues, milk production decreases while DMI
increases until a plateau is reached which results in reduced FE values. Thus, FE is
dependent on the stage of lactation in lactating dairy cows.

In addition,parity affecs FE. Lee and Kim (2006) found that there was a significant
linear increase in the average 3DHilk production from first (8,431 kg) to fourth (10,812
kg) lactation Holstein cows. The differences in milk production betyeamparous and
multiparous dairy cows can be attributed to the fact that primiparous cows are still growing;
thus, a portion of their energy intake is partitioned to growth instead of milk production
(NRC, 2001). In addition to partitioning nutrients towards growthmpéarous cows are
also typically smaller in stature and BW compared to multiparous cows, which iasults
reduced milk yield and DMI. Lastly, research has shown that multiparous cows have
increased metabolic activity of the secretory cells in the mamugland compared to
primiparous cows, especially in early lactation, and this may account for differences in
milk production between parities (Miller et al., 2006).

Other biological factors affect FE such as calving month and BW. Research has
shown that ows that calve during hot, summer months tend to have decreased DMI, milk
yield, and milk component yields due to the negative effects of heat stress on production
(Tao et al., 2018; Torshizi, 2018trera et al., 2013)In addition, photoperiod has been
shown to affect milk productiosuch that cows exposed to ledgy photoperiods (16 to

18 h of light/d) produced an average of 2.5 kg/cow/d more milk compared to cows exposed
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toshotday photoperiods (O 12 h of | isgpdthat d) du
regulate lactation (Dahl et al., 2000). Because calving month dictates the month in which
a cow enters lactation, it is possible that cows that calve during months associated with
long-day photoperiods (May to August) may have increased milk yotaxh, and
subsequently FE, compared to cows that calve during months associated wilaghort
photoperiods (September to April; Dahl et al., 2000). In regard to Bw (2006)
compared the FE (3.5% FCM per unit of DMI) of smaller cows to larger cows and found
that FE decreased from 1.52 to 1.30 as BW increased from 544 to 816 kg. The decreased
FE is a result of increased DMI as the larger cows require more nuttemeeet
maintenance requirements compared to smaller cows (Linn, 2006; NRC, 2001). Thus,
increasing BW increases maintenance requirements which can result in increased feed
intake and reduced FE, depending ob6).the co
In addition to biological factors, production factors also affect FE (Erdman, 2011,
Heinrichs et al., 2016; Ishler, 2016Because FE is calculated as the ratio of ECM per unit
of DMI, cows that epigenetically have higher milk yields, milk fat @nications, or milk
protein concentrations, tend to have higher FE values as increases in these parameters result
in increased in the numerator of the FE ratio (ECM). Other milk components, such as milk
urea nitrogenNIUN; mg/dL) may affect FE; however revious researchn this topicis
limited.
Lastly, it is well known that diet composition can have substantial effects on milk
and milk component production as well as DMI and these effects may result in altered FE.
Research has shown that increasirggrtat energy of lactatioNEL ; Mcal/kg) through fat

supplementation can increase dairy EEhétti et al., 2001; Weiss and PirRedriguez,
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2009; Zou et al., 2007)Similarly, increasing dietary crude protein concentrat{omR; ¢o)

has been shown to inciEamilk yield and milk fat yield which may subsequently increase
FE (Broderick et al., 2015Kalscheur et al., 1999) Lastly, research has shown that
decreasing neutral detergent fio®&DF; %) results in increased milk fat concentration
which can resulin increased FEKellogg et al., 2009; Oba and Allen, 2009).

Because several factors have been shown to affect dairy FE, the hypothesis of this
study was that commoniyeasured biological, production, and dietary parameters could
be used to differentiateigh and Low FE cows without requiring DMI measurements.
Therefore, the objective of this studyas todevelop and assess a discriminant function
that utilizes these commoniypeasured parameters to distinguish between High and Low
FE cows. This objectivevas completed using complementary discriminant analyses
(DA). The results of this study can be utilized dairy producers to select for High FE cows
within their herd to reduce feed costs, increase production, and improve profitability using

commorty recaded measurements.

MATERIALS AND METHODS

Initial Database

The data used for this modeling project were obtained from the laboratory of Dr.
Erin Connor at the United States Department of AgricultudSOA; Beltsville,
Agricultural Research Center, Beltdeil MD). All data collection involving animals was
approved by the Northeast Area Animal Care and Use Commiffee. initial dataset
contained production records for 529 lactating Holstein cows, which resulted in 95,633

daily production observations. Tremove natural variation associated with production
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parameters for cows in the transition period as well as late lactatidinidumal cow
observations withalys inmilk (DIM ) less than or equal to 21 DIM or greater than or equal
to 150 DIM were removeddm the dataset. Removing individual cow observations based
on DIM resulted in an initial dataset that contained production records for 529 lactating

Holstein cows and 70,672 daily production observations.

Estimation Equations and Outlier Removal for KeyProduction Variables

To be included in the final dataset, each daily individual cow production record was
required to have the following parameters: DMI (kg/d), body weihV{ kg/d), milk
yield (MY ; kg/d), milk fat (%), milk protein (%), and MUN (md/jl. If a daily production
record was missing DMI, the entire record was removed from the dataset. If a daily
production record was missing BW, MY, milk fat (%), milk protein (%), and/or MUN, the
parameters were individually estimated by cow and lactatiwnber using PROC GLM
(SAS 9.4, SAS InstituteCary. NC) using the estimation equations shown in Table 4.1.
Milk yield, milk fat (%), milk protein (%), and MUN were estimated per milking (2X/d;
AM vs. PM). To determine the success of the estimation equyatieasured parameter
values were regressed on estimated parameter values using PROC REG (SAS 9.4) and
estimations were evaluated based on the following criteria: coefficient of determination
(R?), rootmeansquare errorRMSE), andP-value as shown in §ures 4.1 4.5. During
the regression analysis, outliers for each parameter were removed ifSheléhtized
residual was less thaf3 or greater than +3. If a parameter had a missing value (either
inherently missing or removed during outlier detectjdhese values were replaced with

the estimated values generated using PROC GLM &AS The use of estimated values
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in this dataset was particularly critical for the BW, milk fat (%), milk protein (%), and
MUN variables as these parameters were ordgasared biweeklwith milk components
determinedduring alternate morning and evening milkiregechweekwhereas DMI and

MY (AM and PM)were measured and recorded daily. After the estimation equations and
outliers were removed for the key production vales, the dataset contained 70,175
observations which contained a daily measured DMI and either measured or estimated

values for BW, MY milk fat (%), milk protein (%), and MUN for each cow.

Data Management and Weekly Cow Means

Individual daily cow produtton records were averaged by cow by week. Individual
weekly cow means were removed from the dataset if an individual cofewadthan5
out of 7 daily production records per week. This data removal reduces variation within the
dataset and ensures thatekly means have relatively similar weighting. After weekly
production means were calculated for each cow and data were removed, the dataset

contained 10,089 weekly mean observations.

Final Outlier Removal for Key Variables Used in the Discriminant Analyses

A final procedurewas performed to remove any outliers that may have been
generated from the estimations of BW, MY, milk fat (%), milk protein (%), or MUN.
Outlier removal was performed using PROC UNIVARIATE (SAS 9.4, Cary, NC) such
that any values greater than the 99%rdile or less than the 1% quantile for each variable
were removed. After these outliers were removed from the dataset, the dataset contained

8,742 weekly cow mean observations.
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Grouping the Data into 2-wk Intervals

The last data management stepnducted prior to the discriminant analyses
involved grouping the individual cow weekly means data ek intervals. If a 2wk
interval hal fewer than 30 weekly cow means observations, then tiad idterval was
removed from the dataset in order &aluce variation and ensure that eashk2interval
had similar weighting. The final complete dataset contained 7,750 weekly cow mean
observations and 167k intervals. The descriptive statistics for the final dataset are
presented in Table 4.2t is important to note that this procedure was conducted so that
the dataset containeavik intervals which were used to predict DMI for RFI calculations
completed in Chapter 5. Because the discriminant analyses as well as the dataset for

Chapters 4 and 5 weigentical, thes@ chapters should be viewed as companion studies

Categorizing Cows into High and Low FE Groups
Prior to conducting the discriminant analyses, FE was calculated for each weekly
cow mean based on the ratio of ECM per unit of DMI (DRK&14; Tyrrell and Reid,
1965). Outlier removal was performed using PROC UNIVARIATE (SAS 9.4) such that
any FE values greater than the 99% quantile or less than the 1% quantile were removed.
Using PROC UNIVARIATE and PROC FREQ in SAS (SAS 9.4), weekly cmans were
classified into the followingte q u a | guartiles based on their
1.79 < FE O 1.94, 3) 1.94 < FE < 2.12, and
Weekly cow means within the second and third quartiles (1.79 < FE < 2.12) were
removed from th dataset such that only the weekly cows means within the 25% highest

and 25% lowest FE groups remained in the data$ée final dataset contained 1,899
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weekly cow means for each FE group and the descriptive statistics for eachageoup

presented in Tdbe 4.3.

Discriminant Analyses

Discriminant analysisA) is a multivariate statistical technique that utilizes
several continuous variables within a dataset to develop a discriminant function that can
effectively discriminate betwee8 or more known, dagorical groups (Fisher, 1936;
Martinez Marin et al., 2012; McLachlan, 2004). After the discriminant function is derived
from a modeling dataset, the discriminant function can then be subsequently applied to new
data with unknown groupings such that gromembership can be predicted based on
several continuous variables (Conte et al., 2018; Martinez Marin et al., 2012; McLachlan,
2004). Three complementabaswere conducted to discriminate betweédigh andLow
FE lactating dairy cows: stepwig2A (SDA), canonicalDA (CDA), andDA.

The STEPDISC procedure (SAS 9.4) was used to a conduct a SDA to select a subset
of a continuous, quantitative variables that have potential discriminatory power to
distinguish between th& known FE groups using a series ofIWk s 6 | ambda t e
determine if variables should enter, remain in, or be removed from the model (Jennrich,
1977; Klecka, 1980). The SDA was appliedhe following 10 variables and the most
discriminant variables were selected for the CDA and DA: faillyield (g/d), milk protein
yield (g/d), MUN (mg/d.), BW (kg), dietary CP (%), dietary NDF (%), dietary NE
(Mcal/kg), DIM, parity, and calving month (Conte et al., 2018). The significance levels to

enter and stay in the model were both set at 0.15 (Constanza and Afifi, 1979).
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After the variables with the moststiriminatory power to separategH andLow
FE cows were selected using SDA, the dataset was divide@ grtmups: a training dataset
(70.01%) that was used to develop the discriminant functions and a test dataset (29.99%)
to evaluate the predictive performance of the discriminant functions. Amanaloe was
assigned to each weekly cow mean using the PROC RANNOR (SAS 9.4) and then cows
were randomly assigned to the training or test datasets.

Once training and test datasets were established, CDA was conducted on the
training dataset using PROC GIBISC (SAS 9.4) with prior probabilities proportional to
sample sizes and a parametric, linear classification struclithhe CDA is a dimension
reduction multivariate technique that utilizes a set of continuous, quantitative variables and
a classificatiorvariable (FE group) to derive a canonical functi@AN) that provides
maximal separation between the known groupings (Conte et al., 2018). The CAN is a new,
linear combination of the original continuous, quantitative variables in the dataset. The
function consists of canonical coefficientSE; ¢i) which are derived from methodology
similar to that of multivariate analysis of variance (MANOVA) and scores of the original
variables (Xj Conte et al., 2018). The weight of the CC reflects the weightedmatidn
of each original variable within the CAN (Conte et al., 2018). An example of the CAN

function is written in Equation 1:

CAN =cC1X1+ X2 + CaXz +CaXa+ € CoXn (1)

As previously mentioned, the primary goal of the CAN function is to pravide

maximum amount of separation between the known groupings using a new linear
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combination of the original variables (Conte et al., 2018). The number of CANs extracted
from an analysis depends on the number of known groupk)gss(CANs extractedre
awayski 1. In this study, there we@known groups (High FE and Low FE); thus, the
number of CANs extracted was one (Conte et al., 2018).

To determine if the High and Low FE groups were effectively separated by the
CAN function, the Mahalanobtistance was assessed (Conte et al., 2018; De Maesschalck
et al., 2000). Mahalanobis distance measures the distance in standard deviations of a data
point from the mean of a distribution. In this CDA, the Mahalanobis distance was
calculated as follows:)lthe CAN function was applied to each weekly cow production
record such that each record has a calculated discriminant &8ye2) the centroids
(multivariate means) of the High and Low FE groups were calculated, 3) the distance of
each DS to the certroids was measured in standard deviations, and 4) each DS was
assigned to either the Low or High FE group based on the smallest distance to the that
groupbébs centroid (Conte et al., 2018; Mar d
assigned to a FErgup, the accuracy of group separation was assessed using error rate
calculations in the DA (PROC DI SCRJuak SAS
test was utilized to determine the efficacy of the CDA as this statistical test is synonymous
with Stuce n t-téss$in that it compares the multivariate distributions of the High and Low
FE groups (Conte et al., 2018). Significance was declafe@®at 0 . 0 5 .

To evaluate the performance of the CDA, resubstitution and -vedskation
misclassification errorates were examined (Brafieto et al., 2004). Essentially, the
resubstitution method uses all data (sample sig@ the training dataset to generate a

CAN function and then measures the misclassification of all data points in the training
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dataset (Zdanvari et al., 2010). Conversely, the croaidation method uses a series of

ni1 1 datasets within the training dataset to generate parameter estimates in the CAN
function and then uses the average of all of the parameter estimates to develop the final
CAN function for the training dataset (Efron and Stein, 1981). Error rates tend to be lower
using the resubstitut i omrensedtinmwdel davelopmednt it e
whereas crossgalidation (or jackknifing) omits one data point per itgron (BragaNeto

et al., 2004). Both methods are reported in this study for the training dataset.

In addition, the CAN function developed from the training dataset was applied to
the test dataset to predict population membership of individual weeklyreams using
resubstitution error rate methods (Huberty, 1994; Bifdge et al., 2004). Cross
validation error rates are not reported for the test dataset as the test dataset was not used to
develop the CAN function.

It is important to note that this CANufiction contained terms for &l original
variables that were selected during the SDA: milk fat yield (g/d), BW (kg), DIM, NE
(Mcal/kg), MUN (mg/d.), calving month, parity, CP (%), and NDF (%). Once the
performance of the fulnodel CAN functionwas as®ssed, original variables were
systematically removed from the CDA to generiE2eeduced CAN functions. Variables
were removed in order of their increasing discriminatory power based on the partial R
results of the SDA. Performance evaluation of the reduced CAN functions to predict
population membership of individual weekly cow means was assessed in the training
dataset using resubstitution and creaBdation error rate methods and in the testsktta

using the resubstitution method (Huberty, 1994; Bridgto et al., 2004). Based on the
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assessments of the reduced CAN functions, original variables were ranked in relative

importance based on their discriminatory power to predict High or Low FE cows.

RESULTS AND DISCUSSION

Estimation of 5 Key Production Parameters

Prior to conducting a series of discriminant analyses to determine factors that can
effectively distinguish between Low and High FE co%/key production parameters were
estimated on a dg, individual cow basis to fill in missing data points within the dataset.
As presented in Table 4.1., estimation equations were developed for BW (kg), milk yield
(kg/d), milk fat concentration (% per milking), milk protein concentration (% per milking)
and MUN (mg/dl). To assess the performance of each equation, regression analyses were
conducted between measured and estimated production parameters, as shown in Figures
4.1 to 4.5. Individual cow BW (kg/d) was estimated using DIM and T#ithe equain
parameters and these parameters accounted for approximately 98.5% of the total variation
in BW measurements R 0.98; RMSE = 8.24P < 0.0001; Figure 4.1.). Similar to the
BW estimation equation, the estimation equation for MY (kg/milking) alscatoed DIM
and DIM? as equation parameters as well as time (AM vs. PM) as the MY variable was
expressed in kilograms per milking and cows were milked 2X daily. The MY estimation
equation accounted for approximately 86.5% of the total variation associdtecik
yield (kg) per milking (R = 0.865; RMSE = 1.762 < 0.0001; Figure 4.2.). Lastly, the
estimation equations for milk fat percagé milk protein percertge and MUN (mg/dl)
contained the following terms: DIM, DIMtime (AM vs. PM), milk yield pr milking

(Milk ), and the interaction between time and milk. The milk fat and protein pageent
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estimations accounted for approximately 85.2%%R.852; RMSE = 0.222 < 0.0001;
Figure 4.3.) and 92.8% R 0.928; RMSE = 0703 < 0.0001; Figure 4.%of the total
variation associated with milk fat and protein concentrations, respectively. Lastly, MUN
estimations accounted for approximately 84.1%%R.841; RMSE = 1.22P < 0.0001;
Figure 4.5) of the total variation associated with MUN.

The result®f the estimation equations for the aforementioned production variables
were similar to the results of previously published estimation equations for these
parameters. Franco et al. (2017) evalu&@guiblished equations that predicted BW in
growing Holsein heifers based on several body measurements (heart girth, body length,
wither height, hip height, and hip width) and reported that these equations accounted for
approximately 84.6 93.4% of total variation associated with BW which is similar to the
varnation explained (98.5%) by the BW estimation equation reporteceioutrentstudy
(Figure 4.1.). In regardo milk yield, OtwinowskaMindur et al. (2015) compare@
equations that estimated milk yield based on time (AM vs. PM milking), milking interval
DIM, and parity. The authors reported that these equations accounted for approximately
81.07 86.5% and 82.8 88.4% of the total variation associated with milk yield in the
morning and evening milkings, respectively (Otwinowskadur et al., 2015). fiese
results are congruent with the current study in which the milk yield estimation equation
accounted for approximately 86.5% of the total variation associated with milk yield
(kg/milking; Figure 4.2.). Liu et al. (2000) developed and validageshodels that
estimated milk yield as well as milk fat and protein yields at morning and evening milkings.
The authors reported that the accuracyi(Rpercenage of predictions ranged between

75.6 and 83.0% in estimating milk fat yield across all |aotet(Liu et al., 2000). Although
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milk fat was estimated as a percentage in this study, the accuracy of the estimation (R
0.852; Figure 4.3.) was very similar to the best mod&k(B.830) developed by Liu et al.
(2000) . Kl opl i |d8egtuatioadthat egtidaded Rk pratenmercemtage
using the following parameters: time (AM vs. PM), milking interval, breed, DIM, and
parity. The protein percentage prediction equations accounted for approximately 95.6 and
97.6% of the total variatioassociated with milk protein percentage in the morning and
evening milkings, respectively (Klopl il
estimation equation in the current study accounted for approximately 92.8% of the total
variation associated witmilk protein (%) which are similar to the results of the
aforementioned publication (Figure 4.4.). Lastly, the MUN estimation equation in the
current study accounted for approximately 84.1% of the total variation association in
MUN. Although MUN has bemme a useful, neimvasive management tool in the dairy
industry to assess protein and energy balance of cows within a herd, very little work has
been done to develop equations to predict and/or estimate MUN in individualldofvs
etal., 1997; ScheperadMeijer, 1998). Therefore, the estimation of MUN based on DIM,
milk yield, and time (AM vs. PMijs a novel component of this study (Figure 4.5).

In conclusion, the estimation equations for BW, milk yield, milk fat (% per milking)
milk protein (% per riking), and MUN developed in this study adequately estimated each
production parameter; thus, missing values in the dataset were replaced by estimated values

such that each cow had a complete daily production record prior Athe
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SDA of High and Low FE Cows Using Biological, Production, and Dietary Variables

As shown in Table 4.4., the SDA selected the followéhgariables based on
discriminatory power (partial ¥ milk fat yield (R = 0.3820), BW (R= 0.2152), DIM
(R? = 0.1648), NEL (R= 0.064), MUN (R? = 0.0157), calving month @= 0.0127),
parity (R = 0.0089), CP (R= 0.0055), and NDF (R= 0.0012). Of thel0 original
variables, only milk protein yield (g/d) was eliminated from the analysis as a weak
predicator variable of dairy FE grosip

One of the goals of SDA is to develop a discriminant function that successfully
distinguishes between known groupings of a classification variable by selecting for the
fewest number of predicator variables that contribute the most discriminatory power
towards accurate group assignments (Munita et al., 2006). Because milk fat yield and milk
protein yield are both calculated using the same milk yield value for each individual cow
record, it is possible thattheB¢ er ms A compet eo0 dehasthéyshami s cr i
redundant information (Munita et al., 2006). It is well understood that milk fat
concentration is the most variable component of milk whereas milk protein concentration
is relatively constant (Bauman et al., 2011; Varga and Ishler, 2Mi6)possible that milk
fat yield was selected over milk protein yield in the discriminant model because milk fat
yield experiences larger variations which may be more impactful on changes in dairy FE
as compared to the smaller fluctuations observediik protein yields. In addition, it is
also possible that milk fat remained in the SDA as it contains a higher energy concentration
compared to milk protein which would result in a larger effect on EOMe to its lack of
discriminatory power, milk prtein yield was not used in the CDA to develop the-full

model or reduced CAN functions.
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CDA of High and Low FE Cows Using Biological, Production, and Dietary Variables

The CDA was conducted using tleaforementioned selected variables in the
training dataset (70.01%) to create one CAN function that successfully discriminated
between High and Low FE cow groupg®\yalue for Mahalanobis Distance < 0.006%;
val ue f or ttesto<t0.8001).i Theg GAdunction that was produced explained
approximately 64.0% of the total variation between High and Low FE cow groups and a
visualization of separation based on CAN function is presented in Figure 4.6. The
canonical coefficients and canonical structure ri@@dations between individual variables
and the canonical scores) for each of the nine original variables are presented in Table 4.7.
The CAN function was positively correlated with milk fat yield (r = 0.775),. NE=
0.425), MUN (r = 0.086), calving madmi{r = 0.051), and parity (r = 0.186), but negatively
correlated with BW (r =0.212), DIM (r =-0.624), CP (r =0.080), and NDF (r =0.224).
According to class means, the CAN function is positively correlated with increasing FE
(Low FE =-1.337; High IE = +1.328). Therefore, it can be concluded that FE is positively
correlated with increasing milk fat yield, dietary Néoncentration, MUN, calving month,
and parity, but negatively correlated with increasing BW, DIM, and dietary CP and NDF
concentratios.

Once the CAN function was developed, its ability to differentiate between High
and Low FE cows in the test dataset was assessed in the training dataset using resubstitution
and crossvalidation methods (Tables 4.8. and 4.9.). Using the resubstitukdmod, 85
(of 1,325) Low FE weekly cow means were misclassified as High FE weekly cows means
and 142 (of 1,334) High FE weekly cow means were misclassified as Low FE weekly cow

means, resulting in a combined misclassification error rate of 8.54%. yntitar cross
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validation method resulted in 89 (of 1,325) Low FE weekly cow means that were
misclassified as High FE weekly cow means and 143 (of 1,334) High FE weekly cow
means that were misclassified as Low FE weekly cow means, resulting in a combined
misclassification error rate of 8.73%. When the CAN function was applied to the test
dataset, 41 (of 574) Low FE weekly cow means werelassiied as High FE weekly cow
means and 73 (of 565) High FE weekly cow means were misclassified as Low FE weekly
cowmeans, resulting in a combined misclassification error rate of 10.04%. Based on these
results, it can be concluded that the CAN function successfully differentiates between High
and Low FE cows as the error r a0tOé%errax)f mi sc
In regard to practical application, these results suggest that dairy producers can confidently
select High and Low FE cows within their herd using commonly measured biological,
production, and dietary parameters without requiring a costly kaborintensive
measurements @M.

After the fulkmodel CAN function was developed and assessed, reduced CAN
functions were systematically developed and evaluated as described above to determine
the relative discriminatory power of each variable i @AN function. These results are

presented in Tables 4.8 and 4.9.

Variables with Low Discriminatory Power
In both the training and test datasets, removing dietary NDF (%), dietary CP (%),
parity, calving month, MUN (mglid), and dietary NE(Mcal/kg) from the CAN functions

did not have a significant i mpact on miscl
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test error: O 10.30%). These results sugg

discriminatory power to distinguish between Heyid Low FE dairy cows.

Parity and Calving Month

Including parity and calving month in the CAN function did not significantly
contribute to the overall discriminatory power of the function (Tables 4.8 and 4.9). In this
study, parity wasveakly, butpostively correlated with FE (r = 0.186) which is consistent
with previous research suggesfthat primiparous cows are lefeed efficientcompared
to multiparous cows as primiparous cows are smaller, consume less DMI, sanction a
portion of their intake emgy towards growthand have reduced metabolic activity of milk
secretory cells in the mammary glatheée and Kim, 2006yliller et al., 2006 NRC, 200).
However, parity did not contribute a significant amount of discriminatory power to the
CAN function. Because FE was measured as the ratio of ECM per unit of DMI, it is
possible that primiparous and multiparous cows had similar ratios, despite primiparous
cows consuming less feed or producing less mikiditionally, BW was found to have
high discriminatoy power (discussed below)herefore, it may be possible that parity
effects on FE were minimized and attributed to BW as BW and age (parity) are strongly
correlated.

Calving month also lacked significant discriminatory power to distinguish between
High and Low FE cows when included in the CAN function. Calving month has been
shown to affect FE as heat stress in warm months can reduce DMI, milk yield, and milk
component yield (Tao et al., 2018; Torshizi, 200&era et al., 2013). In addition, calving

month is also associated with photoperiodic effects on lactation such that cows exposed to
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long-day photoperiodsl to 18 h of light/d; May to August) produced an average of 2.5
kg/cow/d more milk compared to cows exposed to sthaaty phot opaéaofi ods (
light/d; September to April; Dahl et al., 2000).oWever, calving month in this study did

not significantly contribute to differences in High and Low FE cow assignments and lacked

a strong correlation with FE (r = 0.051). It is possible that calviogth has been shown

to affect FE as calving monthiisdirectly related to heat stress photoperiodthus, heat

stressor photoperiogdnot calving month (indicated on a 1 to 12 scale), may have more
discriminatory power in the CAN function. Howeveegh stressr photoperiodverenot

measured in this dataset so theffects could not be determined.

Milk Urea N

In addition to the biological parameters, MUN concentration also did not have
significant discriminatory power to distinguish between Hagid Low FE cows (Tables
4.8 and 4.9). Currently, dairy producers utilize MUN concentrations in the milk to estimate
the overall protein status of the cow as blood urea concentration (BUNLMig/d
indicative of protein metabolism efficiency and MUN isosigly correlated to BUN (Ishler,
2016; Kohn, 2007; Roseler et al., 199B.ecause MUN i s i ndicative
status and her protein status affects her FE, it was hypothesized that MUN concentration
may be associated with FE status. Howevex résults of this study indicated that MUN
lacked a strong correlation to FE (r = 0.086) such that MUN did not have significant
discriminatory power to differentiate between High and Low FE dairy coWwsture
research should be conducted that exploresrétaionship between protein status as

indicated by MUN concentrations and dairy FE.
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Dietary Variables

In regardto the dietary variables, it is well known that diet composition can affect
production variables which subsequently alter dairy FE. Fanpka research has shown
that increasing dietary CP and NEoncentrations have resulted in increased milk yield
and milk fat yield which may translate into improved ECM and Bi®derick et al., 2015;
Kalscheur et al., 1999; Onetti et al., 2001; Weiss RimbsRodriguez, 2009; Zou et al.,
2007). Increasing CP and NEoncentrations in the ration results in improved milk and
milk component yield as additional dietary protein and energy can be utilized for milk and
component production purposes (Onettakf 2001; Weiss and Piné&odriguez, 2009;

Zou et al., 2007). Similarly, research skealthat decreasing dietary NDF concentration
results in increased milk yielak milk fat concentration which can translate into improved
FE (Kendall et al., 2009; Oband Allen, 2009;Ruiz et al., 1995).BecauseNDF is less
digestible than other neiiber carbohydrate sourcemcreasing dietary NDF decreases
energy intake which could be sanctioned to milk and component production (NRC, 2001).
Thus it was hypothesizethat varying dietary CP, NEand NDF concentrations may be
associated with different levels of FE in dairy cows.

As shown in Table 4.7, the results of this study indicated that dietary NEL was
moderately angositively correlated with FE (r = 0.425) wh supports previous research
conclusions. In addition, dietary NDF concentrations exhibite@veak, negative
correlation with FE (r =0.224) which also supports previous research. In regard to CP,
the results of this study indicated that CP is neghticorrelated with FE (r =0.080)
which is inconsistent with previously published literature, but it is important to note that

this correlation isrery weak. Overall, the results of this study suggest that these dietary
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factors do not hold significanigtriminatory power to discern between High and Low FE
cows. All cows within this dataset receivathilardietary treatments that were formulated

to meet or exceed NRC (2001) requirements; thus, large variations of these dietary
parameters were not pregen this dataset as shown in Table 4.2, 4.3, 4.5, and 4.6. Itis
possible thabecauseHigh and Low FE cows received similar dietary treatmettis,
discriminatory power of these dietary variablesre reduced A metaanalysis should be
conducted usingxperiments with large variations in dietary parameters to further assess

the effects of each dietary parameter on dairp§iBgDAS.

Variables with High Discriminatory Power
Days in Milk

As presented in Tables 4.8 and 4.9, the CAN7 function contaimilkgfat yield,
BW, and DIM resulted in misclassification error rates of 10.57, 10.64, and 11.01% using
the resubstitution method in the training dataset, the-m@gtation method in the training
dataset, and the resubstitution method in the testetat@spectively. Removing DIM
from the CAN function (CAN8) in both the training and test datasets resulted in an
approximae 4.0-5.0% increase in misclassification error rates, as presented in Tables 4.8
and 4.9. These results suggest that DIM contebatsignificant portion of discriminatory
power to the function. In fact, when included as the only variable in the CAN function
(CAN11), the misclassification error rates are less than 28.04% in both the training and test
datasets. In this scenariojngDIM as the only discriminatory variable accurately predicts

FE group membership for 71.96% of the cows.
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In CAN9, DIM was coupled with milk fat yield in the CAN function and the
combined misclassification error rates for the training and test datasetslegs than
14.70% (Tables 4.8 and 4.9; Figure 4.7). Thus, dairy producers could us2\hdables
to predict cow FE and correctly predict FE group membership for 85.30% of High and Low
FE cows. Similarly, CAN10 contained only DIM and BW as disanaiory variables and
the combined misclassification error rates in the training and test datasets were less than
27.96% (Tables 4.8 and 4.9; Figure 4.8). This error rate is similar to using only DIM as
the discriminatory variable in the function so irdig BW in this model does not appear
to be advantageous to correct group assignments.

The results of this study indicate that DIM is negatively correlated with dairy FE (r
=-0.624; Table 4.7) which is to be expected because of the decline in milk poodagt
DIM increases. This also supports previous literature that suggests FE decreases as stage
of lactation increases due to the nature of milk yield and DMI curves (NRC, 2001; St

Pierre, 2012).

Body Weight

As presented in Tables 4.8 and 4.9, theNGAnction containing milk fat yield and
BW had misclassification error rates less than 15.46% for the both training and test datasets
(Figure 4.9). Thus, dairy producers could accurately assignment FE group membership to
84.54% of High and Low FE cow ung only BW and milk fat yield as discriminatory
variables. On its own in the CAN function (CAN12), BW did not have significant
discriminatory power as the misclassification error rates were 43.74 and 45.12% in the

training and test datasets, respectiveihus, it would not be recommended to base FE
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group assignment on BW alone as only approximately 54.88% of High and Low FE cows
would be assigned correctly.

The results of this study indicate that BW is negatively correlated with dairy FE (r
= -0.212; Table 4.7) which supports previous literature that stated that increasing BW
decreases FE as a larger body size requires more nutrientsusedi®r maintenance
instead of production (Linn, 2006; Heinrichs et al.,, 2016; NRC, 2001). This research
furthersupports the concept that larger cows should not be selected in hopes of improving
dairy FE (VandeHaar et al., 2016). Dairy cows have gotten larger overBiroet t 6 s et
(2017) reported thanhean BW for Holstein cowsicreased by 1.8 kg over a-4# period
from 1970 to 2014. In parthis may be due to genetic selection of cattle that was based
primarily on milk yield without respect to body size. In gendeajer cows will produce

more milk but they also will eat more.

Milk Fat Yield

The result®f this study indicate there is a strong, positive correlation between milk
fat yield and dairy FE (r = 0.775) which are consistent with previous studies (Table 4.7).
The CAN function (CAN13) that utilizes milk fat yield as the sole discriminatoryatéei
resulted in misclassification error rates of 22.60 and 22.30 for the training and test datasets,
respectively (Tables 4.8 and 4.9). Thus, accurate FE group assigrouketie made for
approximately 77.40% of High and Low FE cows when milk fat yield is used as the
predicator variable As indicated earliemilk fat concentration is the most variable milk
componentBauman et al., 2011)The numerator of the dairy FE equatiis ECM (kg/d)

which requires milk yield, milk fat yield, and milk protein yidtut its calculatiofDRMS,
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2014). Thus, it is no surprise that the variable with the most individual discriminatory
power is milk fat yield as it is a major component ia talculation of dairy FE. However,

the novel discovery of this study is that producers can adequately (77.40%) predict FE
group membershim Holstein dairy cattlsolely based on this variable. Fat yield and DIM

are routinely recorded on dairy farmagch that a dairy producer cowdccessfully assign

FE groupmembership to High and Low FE cows 85.30% without requiring any additional

laborintensive and costly measurements, such as measuring DMI (Figure 4.7).

CONCLUSIONS

The results of this study ggest that commonly measured biological, production,
and dietary variables can be utilized to successfully discriminate between High and Low
FE dairy cows. Variables with low discriminatory power includdiétary NDF (%),
dietary CP (%), parity, calvinghonth, MUN (mg/d.), and dietary NE (Mcal/kg). The
variables with the most discriminatory power included DIM, BW, and milk fat yield d)
with DIM and milk fat yield being the most powerful discriminatory variabléhe
variable DIM was negatively correlad to FE (r =-0.624) while milk fat yield was
positively correlated to FE (r = 0.775). The CAN function that contained only DIM and
milk fat yield resulted in misclassification error rates less than 14.70%. Thus, it can be
concluded that a dairy producean successfully assign FE group membership to 85.30%
of High and Low FE cows using milk fat yield and DIM as the sole discriminatory

variables.
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Table 4.1 Estimation equations for BYmilk yield?, milk fat (%), milk protein
(%), and MUN.

Item Model

BW?, kg = DIM* + DIMS¢®

Milk Yield?, kg/milking = Time® + DIM + DIMSq

Milk Fat, %/milking = Time + Milk! + Milk*Time ’ + DIM + DIMSq
Milk Protein, %/milking = Time + Milk + Milk*Time + DIM + DIMSq
MUN?3, mg/d_/milking = Time + Milk + Milk*Time + DIM + DIMSq

1BW = Body weight.

2Milk Yield = Milk yield per milking (AM vs. PM).

SMUN = Milk urea N (mg/dLper milking).

‘DIM = Days inmilk.

>DIMSq = DIM*DIM.

6Time = Time of milking (AM vs. PM).

Interactive effect of milkyield (per milking) and time of milking (AM vs. PM).
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Table 4.2 Descriptive statistics for the complete dataset prior to FE rang datasét
assignment.

Item®* Mean SD° Minimum Maximum
DMI®, kg/d 22.5 33 14.7 31.2
Milk yield”, kg/d 44.0 7.3 27.6 64.3
Milk fat, % 3.54 0.45 2.17 4.74
Milk fat yield, g/d 1554 297 758 2693
Milk protein, % 2.82 0.23 1.80 3.87
Milk protein yield, g/d 1234 190 798 1762
ECME, kg/d 44.0 7.0 27.0 67.3
BW?, kg 583 61 456 764
MUN? mg/d_ 11.8 2.6 4.7 18.3
Dietary CPY, % 16.6 0.7 14.7 18.5
Dietary NDF?, % 32.0 2.4 26.4 40.7
Dietary NE 3, Mcal/kg 0.77 0.02 0.73 0.84
Days in Milk (DIM) 65.9 27.24 23 142
Parity* 1.44 0.50 1 2
Calving MontH® 7.30 3.26 1 12
FE (ECM/DMI) 1.97 0.24 1.44 2.70

Weekly cow means were either assigned to Low or High FE groups.

°The data was divided into training (70.01%) and test (29.99%) datasets.

3The following continuous variables contain both actual and estimated values based on the
estimation equations describen Table 4.1 and Figures 4.14.5: milk yield (kg/d), milk fat (%),

milk protein (%), BW (kg) and MUN (mgld.

4Sample size for each variable (n) = 7,750 means averaged weekly on an individual cow basis.
5SD = standard deviation.

°DMI = Dry matter inake.

"Milk yield (kg/d) = AM Milk (kg/d) + PM Milk (kg/d).

8ECM =((12.95 x Ibs milk fat) + (7.65 x Ibs milk protein) + (0.327 x Ibs mi#k®) (DRMS, 2014).

SBW= Body weight.

1OMUN = Milk urea N.

HCP = Crudeorotein (%DM basis.

2NDF = Neutraldetergentiber (%DM basig.

BNE. = Net energy oflactation (Mcal/kg).

4Cows were separated into first lactation (parity = 1) or second and beyond lactation (parity = 2).
15Calving month ranges from January (1) to December (12).
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Table 4.3 Descrig i ve statistics for the | ow (FE
prior to datasétassignment and SDA.

Iten? Mean SD? Minimum  Maximum

Low FE Group (FE O 1.79)
DMI*, kg/d 23.7 2.9 155 31.2
Milk yield®, kg/d 399 58 27.6 59.0
Milk fat, % 3.46 0.48 2.17 4.72
Milk fat yield, g/d 1383 209 758 2053
Milk protein, % 2.92 0.24 2.25 3.87
Milk protein yield, g/d 11 159 798 1662
ECMS®, kg/d 39.6 5.1 27.0 55.0
BW’, kg 595 63 453 763
MUNS?, mg/d_ 11.5 2.6 4.7 183
Dietary CP, % 16.6 0.7 14.7 18.5
Dietary NDE?, % 324 2.3 26.4 40.7
Dietary N& !, Mcal/kg 0.77 0.01 0.73 0.83
Days in Milk (DIM) 79.1 27.1 23.0 142.0
Parity*? 1.38 0.49 1 2
Calving MontH? 7.17 3.13 1 12
Dairy FE(ECM/DMI) 1.67 0.09 1.44 1.79

Hi gh FE Group (FE O 2.12)
DMI*, kg/d 211 3.1 14.7 30.1
Milk yield®, kg/d a47.7 7.2 30.0 64.3
Milk fat, % 3.72 0.39 241 4.74
Milk fat yield, g/d 1764 289 1010 26
Milk protein, % 2.72 0.20 1.80 3.75
Milk protein yield, g/d 1297 197 800 1763
ECM®, kg/d 48.4 7.1 32.6 67.3
BW’, kg 575 59 456 764
MUN?, mg/d_ 11.9 2.6 5.0 18.3
Dietary CP, % 16.5 08 14.7 18.5
Dietary NDF, % 315 24 26.4 40.7
Dietary NE*, Mcal/kg 0.78 0.02 0.73 0.84
Days in Milk (DIM) 51.1 22.6 23.0 139.0
Parity*? 1.52 0.50 1 2
Calving MontH? 7.37 3.57 1 12
Dairy FE(ECM/DMI) 2.30 0.14 2.12 2.70

The data was divided intoaining (70.01%) and test (29.99%) datasets.
2Sample size for each variable (n) = 1,899 means averaged weekly on an individual cow basis per

group.
3SD = standard deviation.
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“DMI = Dry matter intake.

SMilk yield (kg/d) = AM Milk (kg/d) + PM Milk (kg/d).

SECM =((12.95 x Ibs milk fat) + (7.65 x Ibs milk protein) + (0.327 x Ibs nifk}) (DRMS, 2014).

‘BW = Body weight.

SMUN = Milk urea N.

9CP = Cruderotein (%DM basis.

ONDF = Neutraldetergenfiber (%DM basig.

1INE, = Net energy oflactation (Mcal/kg).

2Cows were separated into first lactation (parity = 1) or second and beyond lactation (parity = 2).
13Calving month ranges from January (1) to December (12).
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Table 4.4.Ranking of the original variables based discriminatory power calculated during the SDA.

Wilks'
Original Variablé Partial R F Value Pr>F Lambda Pr<lambda ASCC Pr> ASCC
Milk fat yield, g/d 0.382 2346 <.0001 0.618 <.0001 0.382 <.0001
BWS, kg 0.215 1041 <.0001 0.4& <.0001 0.515 <.0001
DIM% d 0.14 748 <.0001 0.405 <.0001 0.595 <.0001
NE.°, Mcal/kg 0.061 248 <.0001 0.380 <.0001 0.620 <.0001
MUNS®, mg/d_ 0.016 60.5 <.0001 0.374 <.0001 0.626 <.0001
Calving monti 0.013 48.6 <.0001 0.370 <.0001 0.631 <.0001
Parity? 0.0® 33.9 <.0001 0.366 <.0001 0.634 <.0001
CP, % 0.0 21.0 <.0001 0.364 <.0001 0.636 <.0001
NDF°, % 0.001 4.42 0.0355 0.364 <.0001 0.636 <.0001

Milk protein yield'!, g/d - - - - - - -
1Sample size for each variable (n) = 1,888ans averaged weekly on an individual cow basis per group.
2Average squared canonical correlation (ASCC).
SBW = Body weight.
“DIM = Days in milk.
SNE_ = Net Energy of Lactation.
SMUN = Milk urea N.
’Calving month ranges from January (1) to December (12).
8Cows were separated into first lactation (parity = 1) or second and beyond lactation (parity = 2).
9CP = Crude Ptein (%DM basig.
1ONDF = Neutral Detergent Fiber (M basis.
Milk protein yield (g/d) was removed during the SDA from the list ofinagvariables to be included in the CDA and DA as it lacked sufficient
discriminatory powerR > 0.15).
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Table 4.5 Descriptive statistics for original variables in the CAN function foritwe (FE
O 1. 79)ghandFEH O 2. 12) FE groups in the trai

Item Mean SD! Minimum  Maximum

Low FE Group (FE O 1.79)
Milk fat yield, g/d 1366 212 758 2004
BW3, kg 5% 63 453 763
MUN# mg/d. 11.6 2.6 4.7 183
Dietary CP, % 16.6 0.7 14.7 18.5
Dietary NDPF, % 324 2.3 27.4 40.7
Dietary NE’, Mcal/kg 0.77 0.01 0.73 0.83
Days in Milk (DIM) 789 269 23.0 142.0
Parity? 1.38 0.49 1 2
Calving MontH 7.20 3.13 1 12

Hi gh FE Grodp (FE O 2.12)
Milk fat yield, g/d 1766 289 1051 2651
BWS3, kg 575 59 456 764
MUN# mg/d. 12.0 2.6 51 18.3
Dietary CP, % 16.5 08 14.7 18.5
Dietary NDP, % 315 24 26.4 40.7
Dietary N&E’, Mcal/kg 0.78 0.02 0.73 0.84
Days in Milk (DIM) 50.5 222 23.0 139.0
Parity? 1.53 0.50 1 2
Calving MontH 7.47 3.53 1 12

1SD =Standard deviation.

2Sample size for each variable (n) = 1,325 means averaged weekly on an individual cow basis.
SBW = Body weight.

4“MUN = Milk urea N.

SCP = Crudeorotein (%DM basig.

SNDF = Neutraldetergenfiber (%DM basis.

'NEL = Net energyof lactation (Mcal/kg).

8Cows were separated into first lactation (parity = 1) or second and beyond lactation (parity = 2).
9Calving month rangefsom January (1) to December (12).

1085ample size for each variable (n) = 1,334 means averaged weekly on an individual cow basis.
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Table 4.6 Descriptive statistics for original variables in the CAN function forltbe (FE
O 1. 7M4i)g ha nddB2EFE @Qroups in the test dataset (29.99%).

Item Mean SD! Minimum  Maximum

Low FE Group (FE O 1.79)
Milk fat yield, g/d 1375 200 836 2058
BW3, kg 59 61 463 758
MUN# mg/d. 11.3 2.6 4.8 182
Dietary CP, % 16.6 0.7 14.7 18.4
Dietary NDPF, % 324 2.3 26.4 40.7
Dietary NE’, Mcal/kg 0.77 0.01 0.73 0.83
Days in Milk (DIM) 797 27.7 23.0 142.0
Parity? 1.40 0.49 1 2
Calving MontH 7.13 3.13 1 12

Hi gh FE Grodp (FE O 2.12)
Milk fat yield, g/d 1760 289 1010 26%4
BWS3, kg 576 60 456 748
MUN# mg/d. 118 26 5.0 181
Dietary CP, % 16.5 0.7 14.7 18.5
Dietary NDP, % 315 2.4 26.4 40.7
Dietary N&E’, Mcal/kg 0.78 0.02 0.73 0.84
Days in Milk (DIM) 52.7 23.5 23.0 138.0
Parity? 151 0.50 1 2
Calving MontH 7.17 3.67 1 12

1SD = Sandard deviation.

2Sample size for each variable (n) = 574 means averaged weekly on an individual cow basis.
SBW = Body weight.

4“MUN = Milk urea N.

SCP = Crudeorotein (%DM basig.

SNDF = Neutraldetergenfiber (%DM basis.

'NEL = Net energy oflactation (Mcal/kg).

8Cows were separated into first lactation (parity = 1) or second and beyond lactation (parity = 2).
%Calving month ranges from January (1) to December (12).

0Sample size for each variable (n) = 565 means averaged weekly on an individual cow basis.
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Table 4.7.Total sample standardized canonical coefficients and pooled within canonical
structure for the CDA conducted on the training dataset (7031%)

Standardized Canonici Pooled Within

Original Variable3 Coefficient$* Canonical Structufe
Milk fat yield, g 1.253 0.775
BW’, kg -0.522 -0.212
DIMS, d -0.687 -0.624
NE.°, Mcal/kg 0.429 0.425
MUN?, mg/d_ 0.202 0.086
Calving month?! -0.128 0.051
Parity*? -0.144 0.186
CP:, % -0.076 -0.080
NDF, % 0.075 -0.224
Eigenvalue 1.778 -
Canonical Correlation 0.800 -
Variance Explained 64.005 -
Class Means

Low FE Group -1.337 -

High FE Group 1.328 -
RS Error Counts, % 8.54 -
CV Error Count&®, % 8.73 -

1Sample size (n) = 1,325 means averaged weekly on an individual cow basis for the Low FE group.
2Sample size (n) = 1,334 means averaged weekly on an individual cow basis for the High FE group.
3Milk protein yield (g/d) was removeduring the SDA from the list of original variables to be
included in the CDA and DA as it lacked sufficient discriminatory power 0.15).

4Canonical coefficients are the weighted contribution of each original variable to the CAN function.
SCAN = ((1.253 x milk fat yield (g/d)) +-0.522 x BW (kg)) + {0.687 x DIM) + (0.429 x NEL
(Mcal/kg)) + (0.202 x MUN (mg/d)) + (-0.128 x calving month) +@.144 x parity) +{0.076 x

CP (%)) + (0.075 x NDF (%)).

6Canonical structure is calculated as the coilimlabetween the canonical function and each
original variable.

‘BW = Body weight.

8DIM = Days in milk.

SNE. = Net Energy of Lactation (Mcal/kg).

1OMUN = Milk urea N.

11Calving month ranges from January (1) to December (12).

2Cows were separated intadi lactation (parity = 1) or second and beyond lactation (parity = 2).
13CP = Crude Protein (%M basig.

NDF = Neutral Detergent Fiber (M basisg.

SError rates (%) calculated using the resubstitution method.

8Error rates (%) calculated using thessvalidation method.
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Table 4.8.Resubstitution and crosslidation error rates in the training dataset for theriuldel and reduced CAN functions.

Error Rate (%)

CAN Functiort RS CcV

CANL1 = ©IMFY?) + (c2BW?) + (csDIM®) + (caNEL®) + (csMUN7) + (ceCM®) + (c/P°) + (ceCP°) + (coNDF'Y) 8.54 8.73
CAN2 = CMFY) + (c2BW) + (csDIM) + (caNEL) + (csMUN) + (csCM) + (c7P) + (sCP) 8.57 8.91
CAN3 = (c1MFY) + (c2BW) + (csDIM) + (caNEL) + (csMUN) + (csCM) + (c7P) 8.57 8.69
CAN4 = (c1MFY) + (c2BW) + (csDIM) + (caNEL) + (csMUN) + (csCM) 8.61 8.69
CANS = (C1MFY) + (c2BW) + (caDIM) + (caNEL) + (csMUN) 8.50 8.61
CANG6 = (C1MFY) + (c2BW) + (csDIM) + (csNEL) 8.76 8.84
CAN7 = MFY) + (C2BW) + (csDIM) 10.57 10.64
CANS = CIMFY) + (c2BW) 14.10 14.18
CAN9 = ©MFY) + (csDIM) 14.37 14.40
CAN10 = €2BW) + (csDIM) 26.29 26.33
CAN11 = (3DIM) 27.08 27.08
CAN12 = 2BW) 43.74 43.74
CAN13 = €1MFY) 22.60 22.60

IFull model (CAN1) includes the nine variables selected during the SDA.
2c are thecanonical coefficients applied to each term in the CAN function.
SMFY = milk fat yield (g/d).

“BW = Body weight (kg).

°DIM = Days in milk.

’NE, = Net Energy of Lactation (Mcal/kg).

‘MUN = Milk urea N (mg/dL).

8CM = Calving month which ranges from Januétyto December (12).

%P = Parity (ows were separated into first lactation (parity = 1) or second and beyond lactation (payity = 2)
10CP = Crude Protein (M basig.

IINDF = Neutral Detergent Fiber (M basis.
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Table 4.9.Resubstitution error ratem the test dataset for the futiodef and reduced CAN functions.

Error Rate

CAN Functior? (%)

CANL1 = CIMFY?) + (c2BW®) + (csDIM®) + (csNEL’) + (csMUNS®) + (ceCM®) + (c7P*9) + (csCPY) + (coNDF) 10.04
CAN2 = (c1MFY) + (c2BW) + (caDIM) + (csNEL) + (csMUN) + (csCM) + (c7P) + €sCP) 9.86
CAN3 = (€c1MFY) + (c2BW) + (csDIM) + (caNEL) + (csMUN) + (csCM) + (c7P) 9.78
CAN4 = €1MFY) + (c2BW) + (csDIM) + (caNEL) + (csMUN) + (csCM) 9.87
CANS5 = (C1IMFY) + (c2BW) + (csDIM) + (caNEL) + (csMUN) 10.04
CANG6 = (C1MFY) + (c2BW) + (csDIM) + (csNEL) 10.30
CAN7 = 1MFY) + (c2BW) + (csDIM) 11.01
CANS8 = (c1MFY) + (c.BW) 15.46
CAN9 = (c1MFY) + (c3DIM) 14.70
CAN10 = €2BW) + (csDIM) 27.96
CAN11 = (3DIM) 28.04
CAN12 = BW) 45.12
CAN13 = Cc:MFY) 22.30

ICrossvalidation error rates were not reported for the test dataset as this method does not apply.
2Full model (CAN1) includes the nine variables selected during the SDA.

3¢ are the canonical coefficients applied to each term in the CAN function.

*MFY = milk fat yield (g/d).

SBW = Body weight (kg).

°DIM = Days in milk.

'NEL = Net Energy of Lactation (Mcal/kg).

8MUN = Milk urea N (mg/dL).

9CM = Calving month which ranges from January (1) to December (12).

10p = Parity (ows were separated into fitsctation (parity = 1) or second and beyond lactation (parity).= 2)
1CP = Crude Protein (%M basig.

2NDF = Neutral Detergent Fiber (M basisg.
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Figure 4.1. Relationship between observed agstimatedvalues for BW. [BW (kg) =
1.000x+ 0.0000; intercepP = 1.0000; intercept SE = 1.01; slope= < 0.0001, slope SE
=0.00171, R= 0.985; root mean (predad) standard erroRMSE) = 8.23; n = 5116].
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Figure 4.2 Relationship between observed agstimatedvalues for milk yield. [MY

(kg/milking) = 1.0000x + 0.0002; intercept= 1.0000; intercept SE

0.024; slope <

0.0012R 0.865;RMSE= 1.76; n = 140,101].
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Figure 4.3 Relationship betweeawbserved andstimated/alues for milk fat percenfMilk
fat % = 1.0000x + 0.0003; intercept= 1.0000; intercept SE = 0.61slopeP = < 0.0001,
slope SE = 0.004,R- 0.852; RMSE = 0.222; n = 8,9}
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Figure 4.4. Relationship between observed astimatedsalues for milk protein percent.
[Milk protein (% per milking) = 1.000x + 0.0000; intercePpt=1.0000; intercept SE =
0.008; slopéP = <0.0001, slope SE = 0.003? R0.928;RMSE= 0.070; n = 9,915].
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Figure 4.5. Relationship between observed astimated/alues for MUNJMUN (mg/dL
per milking) = 1.000x + 0.0000; intercelpt= 1.0000; intercept SE = 0.058lopeP = <
0.0001, slope SE =0.60R? = 0.841; RMSE = 1.22; n = 8670].
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Figure 4.6.Graph of the canonical (CAN) function and canonical frequency distribution
for the High and Low FE. The class means for the High and Low FE groupk.338&

and 1.328, respectively. Positive and negative positions on-#éxes>are dictated by
positiveand negative canonical coefficients.

®Low FE
©High FE

CCCC@ T IOXCOXOIOOT T XX )

185



Figure 4.7.Discrimination between High and Low FE groups based on DIM and milk fat
yield (g/d). Error rates of misclassification in the training dataset were 14.4% and 14.4%
for re-substitution and crossvalidation methods, respectively Resubstitution
misclassification error rate in the test dataset was 14.70%
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Figure 4.8.Discrimination between High and Low FE groups based on DIM and BW (kg).
Error rates of misclassification in the training dataset were 26.3% and 26.3% for
resubstitution and cros&lidation methods, respectively. Resubstitution misclassification
error rate in the test dataset was 28.0%
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Figure 4.9 Discrimination between High and Low FE groups based on milk fat yield (g/d)
and BW (kg). Error rates of misclassification in the training dataset were 14.10% and
14.18% for resubstitution androssvalidation methods, respectively. Resubstitution
misclassification error rate in the test dataset was 15.5%
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CHAPTER 5: EXPERIMENT 3

Determination of the relative discriminatory power of several biological,
production, and dietary factors that affect residual feed intake usin@

complementary discriminant analyse$

llwaniuk, M. E., E. E. Connor, and R.. Ardman Determination of the
relative discriminatory power of several biological, production, and dietary
factors that affectesidual feed intakesing3 complementary discriminant
analyses In preparation for submission to the Journal of Dairy Science.
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INTERPRETIVE SUMMARY

Determination of the relative discriminatory power of several biological, production,
and dietary factors that affect residual feed intake using3 complementary
discriminant analyses Iwaniuket al., page 000Using a dataset provided by the USDA,
3 complementary discriminant analyses were conducted to determine the relative
discriminatory power of biological, production, and dietary factors on residual feed intake.
Residual feed intakis calculated as the @i#rence in expected feed intaiba cowbased
on her maintenance and production requirements hed actual feed intake. A
discriminant analysis using cowds product.i
characteristicalentifiedcows with eithepositive(> 1.13 kg/d) anahegativg( €1.06 kg/d)
residual feed intakewwi t h an accuracy of 70. 1%. A cow
discriminatory power (69.5%) of all characteristiegestigated
Determination of the relative discriminatory power of several biological,
production, and dietary factors that affect residual feed intake usin@
complementary discriminant analyses
M. E. lwaniuk?, E. E. Connof, and R. A. Erdman*
tAnimal and Avian Sciences Department,
University of Maryland,
College Park,MD 20742
2Agricultural Research Service,
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*Corresponding Author: erdman@umd.edu
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ABSTRACT

Residual feed intakdrFI) has been shown to be a promising tool to identify dairy
cows that have greater feed efficienB¥]. RFI is calculated as the difference between a
c o w0 s dy mdtter mthkeMI ; kg/d) and her predicted DMI which is estimated from
production parameters such as enarggrected milk ECM ; kg/d), metabolic body weight
(MBW ; BW? ), and average daily gaidDG; g/d). Research has suggested that RFI is
phenotyically-independent of several production parameters and it is repeatable within
and across lactations, diets, and climates. However, research has yet to be conducted to
determinef group assignments based on RIRKI vs. +RFI) can be differentiated bed
on biological, production, and dietary parameters. Thus, the objective of this study was to
develop a discriminant function that can successfully differentiate betvwWErand-RFI
cows and to determine the relative discriminatory power of each leuwabRFI group
assignment. The dataset for this study contained cow 7,750 weekly cow production records
for 522 cows across 33#k and was provided by the United States Department of
Agriculture, Beltsville Agricultural Research CenteBeltsville, MD. The DMI was
predicted for each weekly cow record using the equation proposed by Connor et al. (2013)
which included parity, MBW, ADG, and ECM in the model. Regression analysis between
actual and predicted DMI indicated that the DMI equation explained4 ®f0the total
variation in DMI. After DMI for each cow was predicted, RFI was calculated for each
weekly cow record andRFI( R F41.08pandtRFI( RFI O 1. 13) groups Wi
Stepwise, canonical, and basic discriminant analyses were condisatgdhe following
10 variables to discriminate between RFI groups: days in rilki(), milk protein yield
(g/d), milk fat yield (g/d), BW(kg), milk urea nitrogen (mg/dL. parity, calving month,
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dietary net energy of lactation concentration (Mcal’lkg DM), dietary crude protein
concentration (%), and dietary neutral detergent fiber concentration (%). The results of
these analyses suggested that all variables except DIM lacked sufficient disanyninat
power to differentiate betweetrRFl and-RFI cows. When DIM was included as the sole
discriminatory variable in a reduced canoni€A{) function, the misclassification error

rate of cows to the incorre®FI group was approximately 30.48%; thugEl group
membership was successfully assigned at a rate of 69.52% based on DIM alorBRVost
cows tended to be in early lactation (low DIM) where md=El cows tended to be later

in lactation. This suggested that the DMI equation used in calculatingd®mot robust
enough to take into account stage of lactation effects. Other paramedtratedacked

significant discriminatory powebo differentiate RFI groups

Key Words: residual feed intake; feed efficiency; discriminant anglygage ofactation
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INTRODUCTION

It is well known that feed costs are the single, largest cost associated with milk
production on U.S. dairy farms (Beck and Ishler, 2016; Hardie et al., 2017; Valvekar et al.,
2010). To reduce feed costs and increase pabiiity, substantial research has been
conducted to explore methods to estimate feed efficidRgy i individual cows so that
dairy producers can select for the mostdfe#ficient cows within their herds (Connor,
2015).

Several methods have been depeldto estimatdairy FE (Connor, 2015; Erdman,
2011). In particular, residual feed intalkkH|) has beeshown to be a promising tottiat
may be used fothe geneticselection of feegfficient cowswithin a cohortasRFI has
been shown to be indicativef differences in nutrient metabolismndependent of
differences in production or diet composition (Connor, 2015; Potts et al., 2015; VandeHaar
et al., 2016).RFl is calculated as the difference betweendbserveddry matter intake
(DMI ; kg/d) of anindividual cow and her précted DMI(Connor, 2015) Several different
DMI prediction equations have been published for dairy cows; however, substantial RFI
research has been conducted using the DMI prediction equation proposed by Connor et al.
(2013) whch includes the followingroductionparametergarity, metabolic body weight
(MBW ; BW°75 kq), average daily gail@ADG; g/d), and energgorrected milk ECM;
kg/d). Once DMI has been predicted for each cow, the RFI of an individual cow is
estimated bs ubt racting the cowds predicted DMI
Crowley, 2013; Connor, 2015; Potts et al., 201H)a cow consumes more feed than
predicted, she will have a positie) RFI and is considered to have low FE compared to

cows of a sinlar body size and production level. Conversely, if a cow consumes less feed
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than predicted, she will have a nega(yeRFI and is considered to have high FE compared
to cows of a similar body size and production level. (Connor, 2015; Potts et al., 2015)
Assuming that there is substantial variation in RFI values between individual
cows within a target population, RH a great candidate for a genetic selection tool to
select for cows with high FE asig& moderately heritable th= 0.177 0.36), repeatable
across and within lactations, and is phenotypicaltiependent of production parameters
usedfor its calculation (Connor, 2015; Connor et al., 2013; Tempelman et al., 2015.
Although several advantages for RFI exist, there are also seweapdr
disadvantages to using RFI to estimate FE status of lactating dairy cows. First, actual DMI
measurements are required for the RFI calculation and DMI tends to béntrsive and
costly to measure in o individual cowsdnnor et al., 2013; Favendet al., 2017; Halachmi
et al., 2004). Secondly, predicting DMI requires the use of complex statistical modeling
with large, robust datasets which makes this approach relatively impractical on most
commercial dairy farms (Connor, 2015; VandeHaar eR@lLp). Lastly, RFI is calculated
as the statistical error term in the regression analysis between actual and predict DMI;
therefore, it is possible that RFI contains true variation associgtiednetabolisrrelated
differences, but italso contains ramn error associated withnaccurate DMI
measurementsr predictions (VandeHaar et al., 2016). This chapter aims to address the
first 2 aforementioned issues regarding RFI while Chapter 6 of this dissertation addresses
the third aforementioned issue sumding RFI.
Previous research has shown that various biological, production, or dietary
parameters affect dairy FE when FE is calculated as ECM per unit of DMI (Erdman, 2011;

Heinrichs et al., 2016)For exampleFE is negatively correlated to stage of lactation as
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milk yield decreases while DMI increases throughout lactatioP&te, 2012). Parity

has been shown to be positively correlated vithas multiparous cows are able to
consume more feed and divert mereergy towards milk production compared to smaller,
primiparous cows that are still growing (Lee and Kim, 200@). addition, research
suggests that multiparous cows have higher milk production compared to primiparous cows
due to differences in the metalz activity of milk secretory cells in the mammary gland
(Miller et al., 2006). Hkstly, calving month has been shown to alter thefrairy cows

as it is indirectly confounded with the effects of heat stress and photoperiod on production
(Dahl et al.,2000; Torshizi, 2016) Research has shown that cows that cdiveng hot,
summer months that may be predisposed to heat stress which decreases DMI, milk yield,
and milk component productipmiltimately lowering FETorshizi, 2016). In addition,

cows tat calve during months withshaitay phot operi ods (O 12 h
significantly less milk per day compared to cows that enter lactation during months with
long-day photoperiods (16 to 18 h of light/d) (Dahl et al., 2000).

In addition to bological parameters, FE can also be altered by changes in
production parameters such as milk yield, milk composition, BWd (Erdman, 2011;
Heinrichs et al., 2016; Lin, 2006). Research has shown that high geoktintial cows in
well-managed herds thhavehigher milk yields or milk component yields (fat and protein)
tend to have higher FE values (Erdman, 2011; Heinrichs et al., 20D@)y vileighthas
been shown to be negatively correlated with FE as larger cows require more energy for
maintenance congved to smaller cows (Linn, 2006).

Lastly, substantial research has shown that altering the composition the diet may

affect dairy FE. Increasing dietary energy concentratibNEL] through fat
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supplementation has been shown to increase milk and milka@enpyields, resulting in
increased FE@netti et al., 2001; Weiss and PiARedriguez, 2009; Zou et al., 2007).
Similarly, increasing dietary crude protei@K) concentration (%) has been shown to
increase milk and milk fat yields which can increasgBioderick et al., 2015; Kalscheur
etal., 1999). Decreasing dietary neutral detergent fi@F) concentrations (%) has been
shown to increase milk fat yield which subsequently increases dairKé&dall et al.
2009; Oba and Allen, 200®uiz et al., 995).

A companion study was conducted and presented in Chapter 4 of this dissertation
which aimed to determine if high (ECM/ DMI
could be differentiated using the following variables: days in nidlf), parity, calving
month, milk fat yield, milk protein yield, BW, dietary NEdietary CP, and dietary NDF
concentrations. Based on the results3a@fomplementary discriminant analys@3A),
Iwaniuk et al. (2019; unpublished) found that High and Low FE cows cowdddaessfully
differentiated at a rate of 88.99% using milk fat yield, DIM, and BW. In particular, milk
fat yield had the strongest discriminatory power (77.70% success rate) to separate cows
based on FE status. Thus, it was concluded that dairy produmédssuccessfully select
between High and Low FE cows based solely on milk fat yield, without requiring the costly
and labotintensive measurement of DMI.

Based on the results in the previous chapter of this dissertation, the objective of the
current stdy was to determine if biological, production, or dietary variables can be used
to discriminate betweerRFI andi RFI cows. If these variables can be used to differentiate

between+RFI and-RFI cows, the results of this study would allow dairy producers t
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select cowdased on RRNithout requiring the costly and laborious measurement of DMI

or complex statistical modeling to calculate RFI.

MATERIALS AND METHODS

Database

The data used for this project were obtained from the laboratory of Dr. Erin Connor
at the United States Department of AgricultuBeltsville Agricultural Research Center,
Beltsville, MD. All data collection involving animals was approved by the Northeast Area
Animal Care and Use Committe& detailed description of the initial databassewell as
the procedures associated with data management, production parameter estimations, and
outlier removal are presented in Chapter 4 of this dissertation. The final dataset contained
7,750 weekly cows mean observations for 522 cows and 236K intervals. The

descriptive statistics for the final dataset are presented in Table 5.1.

Calculating RFI
In order to calculate RFI, DMI was predicted using the following equation proposed

by Connor et al. (2013):

DMI (kg/d) = by + (br x Parity) + (b x MBW) + (bs X ADG) + (y x ECM) + RFI (1)

where I is the intercept, 4is the partial regression coefficient of intake on paritys ithe
partial regression coefficient of intake BBW (kQ), bz is the partial regression coefficient

of intake on ADG(g/d), by is the partial regression coefficient of intake @M (kg/d),
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and RFI is the statistical residual errorhe DMI was predicted by vk intervals using
PROC REG (SAS 9.4; SAS Institute, €aN.C.). Regression analysis using PROC REG
was conducted to examine the relationship between predicted DMI and actual DMI and the
results of the analysis are presented in Figure 5.1. Once DMI was predicted, RFI values
were calculated as the differenbetween observed DMI and predicted DMI for each

weekly cow record.

Categorizing Cows into+RFI and 1 RFI Groups

Prior to conducting the discriminant analyses, outlier removal was performed using
PROC UNIVARIATE in SAS (SAS 9.4) such that any RFI valgesater than the 99%
qguantile or less than the 1% quantile were removed resulting in 7,596 weekly cow
observations for 520 cows across 16WRintervals. Using PROC UNARIATE and
PROC FREQ (SAS 9)4weekly cow means were classified into the follow#hegqual
quartiles based on RFI valuesl. 016 (RFRFIO < .C
and 4)-1.0R An thisdnethod, grps were ranked from 1 to 4 inaeasing order of
RFI.

Weekly cow means within the second and third quartiles werevesnfrom the
dataset suchkhat only the 25% highest RFI and 25% lowest RFI remained in the dataset.
Thus, only the top and bottom 25% of weekly cow RFI means were retained for the
discriminant analyses. For the remaining portion of this chapter, calwgpuositive RFI
val ues ( RFI O 1.13) will be referred to a:

v al ue s-1.06RvllIbe réferred to aiRFI cows.
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Discriminant Analyses

Three complementaiAs were conducted to determine if biological, prodwat
or dietary parameters could be used to successfully separate individual cows based on RFI
groupings The following3 complementary DAs were conducteditfierentiate+RFI and
-RFI lactating dairy cows: 1) stepwiB&A (SDA), canonicaDA (CDA), anddiscriminant
analysis DA).

A detailed description of the materials and methods used in these analyses is
presented in Chapter 4 of this dissertation. Essentially, the methodologylsidieinate
analysesn Chapters 4 and 5 are identical; the afifference between experiments is the
classification variable used to construct the discriminant function. In Chapter 4, the
di scriminant analyses wutilized FE ratios
2.12) and Low ( FE o@ps.IConvedsply, thd dsaiminahtiaralgsesiino n

the present chapter utilized RFI to establish +RFI-&té classification groups.

RESULTS AND DISCUSSION

RFI Calculation

Predicted DMI used to calculate RFI was estimated using the equation proposed by
Connor et al. (2013) which included parity, MBW (BW), ADG (g/d), and ECM (kg/d)
in the model. The results of the regression analysis performed between actual DMI and
predicted DMI is presented in Figure 5.1. As shown, the DMI estimation equation
accounted for approximately 72.0% of the total variation associated with DMI. This result
mirrors the amount of variation explained (72.0%) by Connor et al. (2013) using the same

equation in their dairy cattle datasethich was a subset of the current datas®&imilar
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success has been shown in the literature using other models to predict DMI to calculate
RFI. Using a DMI estimation model that included milk yield (kg/d) and live weight (kg)

in dairy cattle, Shetty et al. (2017) also reported that 72.0% ¢bthlevariation associated

with DMI could be explained by their proposed intake model. Manafiazar et al., (2013)
reported that 68% of total variation associated with DMI in dairy cattle was accounted for
when MBW, emptyBW, and milk production energy regiements were included in the

DMI prediction equation. Hfe results of the regression analysisobservedversus
predicted DMI in this studweresimilar tothoseof previously published resultsThus it

can be concluded that the predicted DMI and dated RF values in this study reflect

values previously observddr early to midlactationdairy cows.

Descriptive Statistics of the Dataset prior to SDA

The descriptive statistics for the entire dataset as well aiRReandi RFI datasets
prior to SDA are presented in Tables 5.1 and 5.2, respectively. It is important to note that
the following5 variables contain both actual and estimated measurements as described in
Chapter 4: milk yield (kg/d), milk fat concentration (%), milk protein concewina(%o),

BW (kg), and MUN (mg/dl.

In regard to NDF concentration, Potts et al. (2015) conducted an experiment to
determine if RFI values for an individual cow were affected by dietary starch
concentrations usingdietary treatments: high starahich cantained 26% NP and 30%
starch or low starcWwhich contained 40% NDF and 14% starch. Potts et al. (2015) reported
that RFI was not affected by dietary treatment; the correlation between RFI values for

individual cows receiving either dietary treatment veggproximately 0.70 which was
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similar to the correlation among different RFI for individual cows receiving no dietary
changes. Thus, the authors concluded that RFI is repeatable across varying dietary NDF
and starch concentrations. The results of theeatistudy support the conclusions reported
by Potts et al. (2015) as the SDA revealed that NDF did not have sufficient power to
differentiate between cows based on RFI valées Q.15).

In addition to NDF concentration, CP concentration was also remoesdthe
SDA as it lacked sufficient discriminatory power to differentiate betwdeRl andi RFI
groups P > 0.15). Research that aims to specifically assess the effects of dietary CP
concentration on RFI has yet to be conducted; however, current research suggests that RFI
is repeatable across various dietary compositions (Potts et al., 2015; VandeHaar et al,
2016). Connor et al. (2015) and Tempelman et al. (2015) reported that the repeatability of
RFI across lactations was 0.56 and 0.77, respectively, and these repeatability values are
higher compared to repeatability values for other production traits in ciaitle such as
milk yield (r = 0.34), milk fat yield (r = 0.35and milk protein yield (r = 0.29Roman et
al., 2000). Because RRlasshown to be repeatable across lactations, it is possible that
RFl is repeatable across different diets as dietsttefidctuate within and across lactations
(Connor et al., 2013; Tempelman et al., 2015; VandeHaar et al., 2016). However, more
research needs to be conducted to determine the effects of specific dietary concentrations
(e.g.,CP) on RFI values (Connor, 20)1

In summary, the results of this study suggest that RFI is not dependent on dietary
NDF or CP concentrations such that NDF and CP (%) were removed from the study during

the SDA.
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CDA of +RFI and T RFI Cows Using Biological, Production, and Dietaryariables

The 8 discriminatory variables selected during the SDA were subsequently used to
develop the canonicalCAN) function to differentiate betweeARFI and i RFI cows
utilizing the training dataset (70.01%). The CAN function successfully discrindinate
between+RFI and-RFI cows groups based on the Mahalanobis DistaRee(.0001) and
Hot e | thestifP g ©.3001 Rencher, 1992). However, the CAN function only explained
25.67% of the total variation between tAdrRFI groups which is shown graphigaliin
Figure 5.2. The canonical coefficients and canonical structure (correlations between
individual variables and the canonical scores) for8loeiginal variables selected during
the SDA are presented in Table 5.6. The CAN function was positivetglatad with
DIM (r = 0.904), milk protein yield (r = 0.225), BW (r = 0.075), MUN (r = 0.082), parity
(r =0.073), and calving month (r = 0.026). Conversely, the CAN function was negatively
correlated with milk fat yield (r = 0.058) and dietary Ntoncenration (r =-0.036). Based
on the class means, the CAN function is negatively correlated with decreasing RFI.
Therefore, it can be concluded that RFI is positively correlated with increased milk fat
yield and NE concentrations, but negatively correthtsith increased DIM, milk protein
yield, BW, MUN, parity and calving month.

To assess the ability of the CAN function to discriminate betwRB&h and +RFI
cows, the resubstitution and cresdidation methods were used to -calculate
misclassification eor rates in the training dataset. Using the resubstitution method, 339
(of 1,323)+RFIweekly cow means were incorrectly classified initR&I group, resulting
in an error rate of 25.62%. Conversely, 3B&1 weekly cow means were misclassified

into the+RFI group, resulting in an error rate of 26.80%. Together, the combined error
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rate for the resubstitution method was 26.21%. Using the-getisiation method, 349 (of
1,323) +RFI weekly cow means were misdsified in the-RFI group while 366-RFI
weekly cow means were misclassified in th&®Fl group, resulting in an overall
misclassification error rate of 26.89%.

The CAN function derived from the training dataset (70.01%) was applied to the
test dataset 20.99%) and misclassification error rates were calculated using the
resubstitution method to examine the success raRFbfiroup membership predictions
based on the proposed discriminant function. When applied to the test dataset, the CAN
function miscassified 29.92% of the total number (n = 1,139) of weekly cow observations.

Based on the results of the CDA, it can be concluded#RBt( RF1 @ndi . 1 3)
RFI ( R.@6)cowd could be differentiatetiut only at a rate of 70.08% based on the
following parameters: DIM, milk protein yield, milk fat yield, BW, MUN, parity, calving
month, and dietary NEconcentration.It is important to note that the misclassification
error rate is dependent on the cutoff values for RFI group membefdig, t is possible
to alter the misclassification error rate by altering the cutoff values for RFI group
membership. Misclassification error rates would likely decrease if RFI group membership
became more strict. Future research should explore the effect of RFlagsigpments
on misclassification error rates.

After the fullmodel CAN function was developed using ®gariables selected
from the SDA and assessed using misclassification error rates, 11 reduced CAN functions
were systematically developed and evaddads described in Chapter 4 of this dissertation
to determine the relative discriminatory power of each variable in the CAN function. These

results are presented in Tables 5.7 and 5.8.
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Variables with Low Discriminatory Power

Removing the following5 variables from the CAN function did not have a
significant impact on the misclassification error rates in the training dataset or the test
dataset: dietary NEconcentration, calving month, parity, MUN, or BW. In the training
dataset, removing these varables increased the resubstitution and cradslation
misclassification error rates from 26.21 and 26.89% (CAN1) to 27.94 and 28.02% (CANG6),
respectively. These results suggest that tfesariables only added 1.13 to 1.73%
discriminatory power whenncluded in the CAN function which is a relatively small
amount of power. In the test dataset, the resubstitution error rate actually decreased from
29.92 to 29.74% when theSevariables were removed. Thus, dietary.NEncentration,
calving month, parit, MUN, and BW were removed systematically from the CAN function

(CAN1i CANS).

Dietary NE Concentration

As shown in Table 5.6, the results of this study indicate thatWwds negatively
correlated withRFI (r = -0.036) such that that increasing dietary NBecrease RFI.
Research has shown that increasing dietary energy concentrations (typically through fat
supplementation) results in increased milk and milk component yield as more energy is
consumed and allocated tosda production purposes (Onetti et al., 2001; Weiss and-Pinos
Rodriguez, 2009; Zou et al., 2007). Thus, the results of this study are consistent with
previously published research regarding the relationship between dietary energy

concentrations and FE.
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Although NE was included in the CAN function, it is important to note that the
correlation between dietary NEand RFI was fairly weak (r =0.036). When NEwas
removed from the CAN1 function, the error rate in the test dataset decreased by 0.10%
suggesing that NE lacked anysignificantdiscriminatory power to differentiate between
+RFlandi RFI dairy cows (Tables 5.7 and 5.8).

As previously discussed, current research suggests that RFI values are repeatable
across varying dietary compositions (Pottale 2015; VandeHaar et al., 2016). In regard
to dietary energy, Williams et al. (2019) examined the effects of dietary energy density
(High vs. Low) and RFI groups (+RFI visRFI) ongrowingdairy heifer FE and reported
that DMI (kg/d), metabolizablenergy intake (Mcal/d), net energy of maintenance intake
(Mcal/d), and net energy of gain intake (Mcal/d) were not significantly affected by dietary
energy density, RFI group, or the interactive effect of dietary energy density by RFI group.
Thus, RFI divegent heiferdrom their studyconsumed similar energy intakes regardless
of RFI status so dietary energy intake would not be a powerful discriminatory factor to
differentiate betweerRFI andi RFI heifers. Research suggests that there is a strong
correldion between heifer RFI and subsequent RFI calculated during lactation (r;= 0.58
Macdonald et al., 2014; Nieuwhof et al., 1992). Therefore, it appears that dietary energy
intake is also a weak discriminatory variable to differentiate betwédd and i RH

lactating dairy cowgWilliams et al., 201

Calving Month
As shown in Table 5.6, calving month had a wemtsitivecorrelation (r = 0.02)

with the CAN function used to differentiate betwedRFI andi RFI cows. Additionally,
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removing calving month from the CAN2 function resulted in a 0.11% increase in error rate
in the test dataset; thus, calving month did not contribute much power to the CAN function
to separate-RFl andi RFI dairy cows (Tables 5.7 and 5.8).

To the knowledgeof the authors, this is the first study that has examined the
relationship between RFI and month of calving. Previous research has shown that calving
month affects FEECM/DMI) as heat stress in warm months can reduce production
parameters linked to FEush as DMI, milkyield, and milk component yiel(Tao et al.,

2018; Torshizi, 2016Utrera et al., 2013)In addition, calving month may be indirectly
related to photoperiodic effects on lactation as photoperiod lengths vary throughout the
year such thatows produce more milk during months with longer day lengths (May to
August; Dahl et al., 2000)Becaus RFI was shown to be phenotypically independent of
production traits, it is possible that calving month did not have much discriminatory power
in this analysis as RFI is robust in regard to changes in production parameters (Connor,
2015; Mujibi et al., 2010; VandeHaar et al., 2016). Research has shown that season of
testing RFI may affect RFI values; however, future research is required to furtheeexplo
the effects of both season of RFI measurement as well as season of calving on RFI (Mujibi

et al., 2010).

Parity

Parity had a wealgositivecorrelation (r = 0.@3) with RFI (Table 5.6). As shown
in Tables 5.7 and 5.8, removing parity from CAN3 adjudécreased the error rate in the
test dataset by 0.12%. Therefore, it can be concluded that parity lacks discriminatory

power to differentiate betweerRFIl andi RFI cows.
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In a preliminary analysis conducted prior to DMI estimation, Connor et al. (2013)
reported that parity had a significant effect on energy intBke @.0001). Thus, Connor
et al. (2013) added a term to account for the effects of parity on intake in the equation used
to predict DMI to calculate RFI. ltnecurrent study, DMI was prectied on an individual
cow basis using the DMI estimation equation proposed by Connor et al. (2013). Because
this equation contains a model term to account for the effects of parity on intake, it is no
surprise that parity lacked sufficient discriminatpgwer to differentiate betweerRFI
and-RFI cows as RF{Connor, 2015; Mujibi et al., 2010; Potts et al., 201/g@sidual feed
intake is theoretically robust across parameters that are used to predict DMI such that
difference in RFI can be attribed tometabolic difference@Connor, 2015Mujibi et al.,

2010).

Milk Urea N

As shown in Table 5.6, MUN concentration had a wealsjtive correlation (r =
0.082) with the CAN function developed to discriminate betweRfl andi RFI cows
which suggested that MUN was lower in cows Wil ( R F $1.08D. These results are
consistent with previously published literature that found that MUN concentrations were
significantly lower in cows witthigh FE ECM/DMI; Xi et al., 2016). BecaesMUN
concentration is indicative of protein metabolism status of the dairy cow, it is possible that
lower MUN concentrations for cows witRFI suggestthat these cows may utilize dietary
protein more efficiently (Garcia et al., 1997; Jonker and Koh@1 2K et al., 2016).

When MUN concentration was removed from the CANS5 function, the

misclassification error rate in the test dataset increased by 0.01%, suggesting that MUN
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lacked discriminatory power to discriminate between cows baseRFbistatus inthis

study. Jonker and Kohn (2001) reported that MUN concentration is inversely related to
milk protein concentration. Because milk protein concentration is a component of the
ECM calculation, it is possible that milk protein content is accounted fangithhe DMI
prediction portion of the RFI calculation (DRMS, 2014#urthermore, &« MUN and milk
protein concentrations are inherently linked, it is possible that accounting for milk protein
concentration also accounts for MUN concentration, renderingridEpendent of MUN

concentration (Jonker and Kohn, 2001).

Body Weight

Body weighthad a weakpositivecorrelation (r = 0.075; Table 5.6) with the CAN
function used to discriminate between RFI divergent cows. When BW was removed from
the CANS functim, misclassification error rates decreased by 0.01% in the test dataset
(CANG6) which indicated that BW essentially lacked any discriminatory power in the CAN
function to separate cows based BRI status (Tables 5.7 and 5.8). As discussed
previously, by definition, RFI values are phenotypicallindependent of production
parameters used to estimate DMI in the RFI calculation (Connor, 2015; VandeHaar et al.,
2016). Because MBW is calculated from traditional BW measurements and was used as a
model term to preict DMI, it not surprising that BW lacked discriminatory power in the
CAN function.

In addition, some studies have suggested that RFI is independent of body size or
BW in heifers and cows (Connor et al., 2013; Williams et al., 2011; Xi et al., 2016). For

example, Hardie et al. (2017) performed a genanue association study to examirret
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genomic basis of Rkh lactating dairy cowand found thaRFl is genetically unrelated to
energy consumption for milk production or maintenance requirements (MBW). Therefore,
the results of the current study are congruent with previously publishedsé¢hat RFI

values are independent of BW (Connor et al., 2013; Williams et al., 2011; Xi et al., 2016).

Milk Fat Yield

After removing dietary NE concentration, calving month, parity, MUN, and BW
from the CAN function, th& variables with the highest discriminatory power in the SDA
were investigated in a steypse fashion and these variables included: milk fat yield, milk
protein yield, and DIM.

The results of this study indicated that milk fat yield was negatively ctete{(a=
-0.056; Table 5.6) with RFI; however, the correlation was fairly weak. In the training
dataset, removing milk fat yield from the CAN function decreased the resubstitution and
crossvalidation misclassification error rates from 27.94 and 28.0250N@) to 27.83 and
27.87% (CANT7), respectively. The resubstitution error rate in the test data resulted a small
decrease from 29.74 (CANG6) to 29.00% (CAN7) when milk fat yield was removed from
the CANG6 function. The discrimination between RFI groups base®IM and milk
protein yield (CAN7) is shown in Figure 5.3. When included as the only discriminatory
variable in the CAN function, milk fat yield (CAN10) had misclassification error rates of
46.60 and 46.82% in the training dataset for the resubstitwimd crossalidation
methods, respectively. Similarly, an error rate of 47.36% was observed in the test dataset

when milk fat yield was included in the CAN10 function as the sole discriminatory
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variable. The high rates of error suggest that milk fatdydid not have significant
discriminatory power in the CAN function to differentiate betwe&fl andi RFI cows.

The results observed in the current study are consistent with previously published
studies (Connor et al., 2013; Xi et al., 2018). et al. (2016) reported that there were no
significant differencesR > 0.05) in overall milk yield (kg/d) or milk fat concentration (%)
bet ween RFI diver-ge@#; coliwgh(RBW QFO0. 86) .
was not reported, it could be hypotlzesl that RFI groupings would not significantly affect
milk fat yield as it is a combination of the aforementioned variables (Xi et al., 2016).
Because variation associated with milk fat yield is accounted for in the ECM term of the
DMI prediction equatin, it is not surprising that RFI is independent of milk fat yield in

this study (Connor et al., 2013; Connor, 2015).

Milk Protein Yield

Similar to milk fat yield, milk protein yield did not exhibit high discriminatory
power within the CAN function toifferentiate betweemrRFIlandi RFI cows groups. The
results of the CDA indicated that milk protein yield wassitively correlated (r £.225)
with RFI (Table 5.6). Although the correlation between milk protein yield and RFI was
the second strongest celation, milk protein yield did not exhibit high discriminatory
power to differentiate betweerRFIl andi RFI groups.

When milk protein yield was removed from CAN@(iables: DIM,milk fat yield,
andmilk protein yield) the misclassification error ratés the resubstitution and cress
validation methods increased from 27.94 and 28.02% (CANG) to 28.66% (CANS) for both

methods, respectiveljrigure 5.4) The resubstitution error rate in the test data increased
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from 29.74 (CANG) to 30.84% (CAN8) when mipiotein yield was removed from the
CANG function. Removingmilk protein yield from the function only increased the error
rate by approximately 1.10%; thus, it can be concluded that this variable did not contribute
much power to the overall CAN function.

When included as the sole discriminatory variable in the CAN11 function, milk
protein yield produced a misclassification error rate of 44.45% for both assessment
methods. Similarly, an error rate of 44.83% was observed in the test dataset when milk
protan yield was included as the sole discriminatory variable in the CAN11 function.
These error rates are close to the expected error with random classification BG4l
on these results, it was concluded that milk protein yield had low discriminatory power to
differentiate betweemRFI andi RFI cow groups.

The results in this study are consistent with previously published research regarding
differences in milk potein content based on divergent RFI groups (Macdonald et al., 2014).
As previously mentioned, ECM vyield is used in the equation to predict DMI for RFI
calculations and milk protein content is a component of the ECM equation (DRMS, 2014).
Therefore, itis possible that milk protein content is accounted for in during the DMI
prediction portion of the RFI calculation such that generated RFI values are independent

of milk protein yield (Connor et al., 2013; Macdonald et al., 2014, Xi et al., 2016).

Variables with High Discriminatory Power
Days in Milk
The results of the CDA suggested that DIM had a strong, positive correlation with

RFI (r = 0.9036).As presented in Tables 5.7 and 5.8, the variable that possessed the most
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discriminatory power to differentiate betweelRFlandi RFI cow groups was DIM. When
DIM was included as the only discriminatory variable in the CAN12 function, the
misclassification error rate for both assessment methods was 28.24% in the trainirng datase
and 30.48% in the test datasEie misclassification error rates for the foibdel CAN1
function were 26.21 and 26.89% in the training dataset for the resubstitution and cross
validation error rates, respectively, and 29.92% for the test dataset.viRgralbvariables
except DIM only increased the misclassification errorgditg 2.03%and 0.56% in the
training and test datasets, respectively. Therefore, it can be concluded that the majority of
the discriminatory power of CAN1 through CANS8 functiomas solely attributed to the
presence of DIM as a variable in the modéthen DIM was removed from the CDA
CAN9, CAN10, and CAN11, these functions lacked sufficient discriminatory power (test
dataset error rates O 4RFlaBdéRF) cowt groups everf er ent
though milk protein and fat yields were the second and third most powerful discriminatory
variables in the SDA.Therelatively weakdiscrimination between RFI groups based on
milk protein and fat yields (CAN9) is shown in Figur&5 It can be concluded that DIM
was the only variable that had high discriminatory power to differentiate betwEh
andi RFI dairy cows

In a recently published article, Li et al. (2017) explored the effects of stage of
lactation (or DIM) on RFI ¥ comparing2 RFI models: 1) RFI model with constant partial
regression coefficients of intake on ECM, MBW, and change in BBX\() throughout
lactation and 2) RFI model with partial regression coefficients of intake on ECM, MBW,
and a@eBW t hat hauhlactatigre(til peribds;al weeks per period). Li et al.

(2017) reported that the partial regressi ol
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varied throughout | actation and the most v
112). Thus, Li etl. (2017) concluded thatage of lactatiorsignificantly affects RFI
values and these results are consistent with the results observedunrémt study

Energy metabolism for a dairy cow fluctuates throughout lactation (NRC, 2001; St
Pierre, 2012).In early lactation, cows tend to be in a negative energy bal&teB)(as
milk production peaks at approximately 60 DIM and cows mobilize their body tissue stores
(lose BW) in order to meet the high energy demands of milk production (NRC, 2001; St
Pierre,2012). At approximately 120 DIM, cows begin to enter a physiological state of
positive energy balancd”?EB) as milk production decreases while DMI increases to
replenish body stores to prepare for the subsequent lactation (NRC, 2001). As cows shift
fromNEB t o PEB throughout | actation, shifts
as these parameters are closely associated with energy metabolism of dairy cows (Li et al.,
2017). Because these production parameters are typically used to predict DMliatealc
RFI, it is not surprising to find that RFI is dependent on DIM as stage of lactation affects
energyrelated production parameters (Li et al., 2017). Thus, the resulte otitfent
study suggest that stage of lactation significantly affects RFEtwls consistent with
previous research.

To overcome this issue, it may be advantageous to utilize a DMI estimation
equation that accounts for stage of lactation to predict DMI in order to gerarastRFI
values that are not dependent on stage ¢dtian (Tempelman et al., 2015; Vallimont et
al., 2011). For example, Tempelman et al. (2015) reported a correlation of 0.77 for RFI
repeatability values within lactation for dairy cows between 50 and 200 DIM. This

correlation coefficient is 0.30 unitarger than the correlation coefficient (r = 0.47) reported
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by Connor et al. (2013) for RFI repeatability during the first 90 DIM. It is possible that the
large difference in correlation coefficients could be due to the fact that stage of lactation
was on{ accounted for in the model proposed by Tempelman et al. (2015). In addition,
research has shown that RFI tends to be fairly consistent after the early lactation period
(DIM > 120) so it also possible that the discrepancy in RFI repeatability correlation
coefficients may be due to differences in stage of lactation of cows used in each respective
study. Regardless, it is possible that RFI repeatability may be improved if DIM is
accounted for in the DMI prediction equation such that generated RFI vakiewtar
dependent on stage of lactation. Future research should be conducted that explores the

effect of stage of lactation on RFI of dairy cows.

CONCLUSIONS

The results of this study suggest that RFIplenotypicallyindependent of
biological parametersuch as parity and calving month, production parameters such as
milk protein yield, milk fat yield, BW, and MUN, and dietary parameters such asQE
and NDF concentrations. The only variable that had sufficient discriminatory power to
differentiate etweer+RFI( RF 1  @ndlR F1I 3 ) ( -R.G6)dair§) cows was DIM and
it was positively correlated (r #£.904) with RFl. However, even with DIM,
misclassification rates were still relatively high. When DIM was used as the sole
discriminatory variable inhe CAN12 function, the misclassification error rate in the test
dataset was 30.48% compared to 29.92% error which occurred when DIM, milk protein
yield, milk fat yield, BW, MUN, parity, calving month, and dietary Nf&ncentration were

cumulativelyincluded in the CAN1 function. Thus, DIM was the only variable in the
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current study that was able to significantly discriminate betwdel andi RFI cows.
Based on the results of this studyRFI and i RFI cows cannot be successfully

differentiated based onast biological, production, or dietary variables.
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