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In practice cows are fed by pen, but a diet is formulated to the nutrient requirements of
a single cow. If the dry matter intake (DMI) of a pen were equal for all cows this
approach would have no error, but cows are grouped into pens on pregnancy and
other management factors creating a distribution of DMI. The goal of precision feeding
is to meet the requirements of individual animals to increase efficiency and reduce
environmental impact but is not achieved when a group is fed as if the individuals have
uniform requirements and the DMI distribution is not normal. The hypothesis of this
work is that the DMI of cow pens are not normally distributed and the total DMI from
the best fit distribution shape for a cow pen will have lower percentage error to the
observed DMI than a prediction of a single DMI that is fed at a uniform level and
assumes a normal distribution. Our objective was to describe the distribution shape of
DMI by week of lactation, and for different pen types. Pens were generated by
randomly assorting cows by week of lactation from a database into different categories
of pen for size and lactation period. These pens were fitted to the best distribution type,
and its parameters were used to randomly generate distribution plots that predict the
total DMI for each pen. A second predictive model estimated the DMI of each pen
using an empirical equation of DMI that was multiplied by the number of cows in the
pen to represent feeding of a uniform DMI quantity. The percentage error for the
distribution shape model was significantly lower than the empirical model with pen
errors being less than 1 %. The beta distribution type was the most common
distribution to best represent the data of pen DMI. Describing the distribution and using
it to predict a total pen DMI provides accurate estimates of feed quantity for a group.
Reducing error by using the distribution of DMI for feed formulation, instead of the
nutrient requirements of an individual animal can provide a precision nutrition approach
to group feeding.
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Abstract

In practice cows are fed by pen, but a diet is formulated to the nutrient requirements
of a single cow. If the dry matter intake (DMI) of a pen were equal for all cows this
approach would have no error, but cows are grouped into pens on pregnancy and
other management factors creating a distribution of DMI. The goal of precision
feeding is to meet the requirements of individual animals to increase efficiency and
reduce environmental impact but is not achieved when a group is fed as if the
individuals have uniform requirements and the DMI distribution is not normal. The
hypothesis of this work is that the DMI of cow pens are not normally distributed and
the total DMI from the best fit distribution shape for a cow pen will have lower
percentage error to the observed DMI than a prediction of a single DMI that is fed at
a uniform level and assumes a normal distribution. Our objective was to describe the
distribution shape of DMI by week of lactation, and for different pen types. Pens were
generated by randomly assorting cows by week of lactation from a database into
different categories of pen for size and lactation period. These pens were fitted to the
best distribution type, and its parameters were used to randomly generate distribution
plots that predict the total DMI for each pen. A second predictive model estimated the
DMI of each pen using an empirical equation of DMI that was multiplied by the
number of cows in the pen to represent feeding of a uniform DMI quantity. The
percentage error for the distribution shape model was significantly lower than the
empirical model with pen errors being less than 1 %. The beta distribution type was
the most common distribution to best represent the data of pen DMI. Describing the
distribution and using it to predict a total pen DMI provides accurate estimates of feed

guantity for a group. Reducing error by using the distribution of DMI for feed
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formulation, instead of the nutrient requirements of an individual animal can provide a

precision nutrition approach to group feeding.

Keywords

Precision feeding, diet formulation, dairy production, mathematical modeling.

Implications

Precision feeding in dairy production can improve nutrient efficiency and reduce feed
cost and environmental impact by meeting the requirements of each animal, but is
not achieved in group feeding systems. This work describes the distribution of feed
intake by pens of cows, and demonstrates that this calculates a pen feed quantity
with very low error. This estimates the feed quantity that meets the needs of a pen
and delivers population level precision feeding for commercial management that is

not achievable when applying individual animal data to a population.

Introduction

In practice, cows are fed by pen, and a diet is formulated to a single estimate of dry
matter intake (DMI) that represents the pen’s mean cow. This is scaled to the number
of cows in the pen and a uniform quantity of feed per cow is provided. If the DMI of a
pen were constant, there would be 0 feed quantity error in this approach. However, if
DMI is not constant, the mean is not an appropriate parameter. It is accepted in the
dairy industry that milk production and dry matter intake are not constant within cow
pens. Feeding cows uniformly, consistently underestimates feed quantity. Then,
mathematical corrections are employed to ensure sufficient feed to high production

cows, such as feeding to the 83" percentile nutrient requirements of the pen
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(Stallings and McGilliard, 1984), or over-formulation where the estimated DMI
quantity is increased by a fixed proportion (Weiss, 2019). Precision feeding of dairy
COws requires accurate estimates of the pen feed quantity, as the goal of precision
feeding is to minimize nutrient waste through minimizing leftover feed. But, pen level
management prohibits individual cow feeding (Schulze, Spilke, and Lehner, 2007), as

diets formulated for an individual do not meet the requirements of a group.

Precision feeding addresses between-animal variation to deliver the correct amount
of feed to each animal and can reduce nutrient excretion, feed cost, environmental
impact and increase nutrient efficiency (Bewley, 2010; Pomar et al., 2011; Capper
and Cady, 2020). To employ precision feeding in a pen, the distribution of DMI by
pen cannot be represented by a constant as cows are not uniform across a pen. For
example, cows are sorted into pens based on pregnancy status, milk production level
(low and high) and nutrient efficiency (St-Pierre and Thraen 1999). Variation in DMI is
affected by milk yield (45 %), feed management (22 %), BW (17 %), climate (10 %)
and body condition score (6 %) (Roseler et al., 1997).x Grouping cows by these
same factors will create a distribution of DMI. The current assumption of uniformity
when formulating pen diets does not address between-cow variation in DMI. There is
concern in the applicability of individual cow studies to commercial operations where
cows are grouped in pens (St-Pierre, 2007). Empirically derived predictions of DMI
and nutrient requirements for an individual cow, such as Nutrient Requirements of
Dairy Cattle (NASEM, 2021) or the Cornell Net Carbohydrate and Protein System
(Van Amburgh et al., 2015), assume all cows in a pen eat the same amount, and do
not consider how distribution of DMI differs for groups of cows at different production

levels.
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The hypothesis of this model is that feeding a uniform DMI does not represent the
distribution shape of DMI for cow pens, and the total DMI quantity for a pen
calculated as the density of the best fitting distribution shape will be closer to the true
DMI when compared to the empirically calculated DMI for the mean cow of the pen.
Using a database of individual cow DMI by week we will first describe the skew and
kurtosis of DMI of cows when grouped by week of lactation, then generate sample
pens of cows within a range of weeks of lactation, describe the distribution type and
parameters, and predict a total DMI. This will be compared to the observed total DMI,
the total DMI that is predicted by the mean DMI of a pen by the NASEM 2021

eqguation and the observed DMI.

Material and methods

No approval from the University of California, Davis, Animal Care and Use
Committee was needed for this study as it was conducted using only previously

collected data.

Database description

A database was constructed from datasets of nine research trials for this
mathematical modelling study. All trials were nutrition or management-based
interventions on lactating cows and seven of the nine have been published in peer
reviewed journals. Each trial includes data for different ranges of the lactation period,
with the recording period starting at 1 wk (first 7 d immediately after parturition) and

extended up to 44 wk (Table 1). All cows had individual milk yield and components



103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

recorded at each milking daily, and DMI recorded daily using Calan gates (American

Calan, NH, USA). Data were averaged by week per cow for 426 cows in total.

Inclusion criteria

Every dataset needed to list individual records by unique cow identification number,
identify treatment assignment, parity, diet composition, days in milk, weekly milk
yield, weekly milk fat and weekly DMI consecutively for at least 4 wk. Some of the

datasets also included milk protein, BW, and body condition score.

Data cleaning

Cows with missing values for weekly observations were not removed. Datasets were
imported to a SQL database using an open database connector pipeline. Within the
database, a variable for fat corrected milk was created using the formula 3.5% FCM =
(0.4324 x kg) + (16.216 * milkfat) (Tyrrell and Reid, 1965). We used fat corrected
milk instead of energy corrected milk because 1 dataset did not record milk protein
values. A variable for feed efficiency (FE) was created using the formula FE =
FCM/DMI (Korver, 1988). We used FE to compare the metabolic efficiency of cows
across trials despite differences in diet and environment to determine if data were
reasonable and if these cows could exist on a single dairy and be grouped together

into pens.

Database variance assessment

All datasets were compared for similarity of variance in DMI, milk yield and FE. The
variance of FE by dataset and treatment group within dataset was used as the main
measure of comparability as this represents metabolic efficiency and allows the
comparison of cows with different levels of feed intake and milk yield. Data were
retained in the overall database if 50% of the FE data overlapped with all other

6
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datasets on boxplot analysis, and less than 20% of the weeks of lactation had a FE
mean significantly different from other datasets on analysis of variance (ANOVA)
analysis. The database was imported to R 4.2.1 (R Core Team, Vienna, Austria,
2018) and milk yield, DMI and FE were examined visually using scatter plots to
identify and remove outliers, and assess the range of the three variables (not shown).
The mean and median of milk yield, DMI and FE was plotted by week for each
dataset (Figure 1). Boxplots were examined at every week by dataset and treatment
within dataset for visual comparison of the mean and variance of milk yield, DMI and
FE (not shown). We used ANOVA models with R 4.2.1 base package to compare the
means of the variables of milk yield, DMI and feed efficiency with cow as the unit of
interest. Data were first evaluated using treatment group within dataset as the
subgroup for the outcomes of milk yield, DMI and FE. Next the database was
evaluated by ANOVA using dataset within database as the subgroup for the
outcomes of milk yield, DMI and FE. Using the equation Y; ; = u + f; +€; j, where Y ;
is the j-th observation of the i-th group (i = 1, 2, ... ,9 datasetsori =1, 2, ... ,35
treatment within dataset), g;is the i-th subgroup effect and €; ;is the random error

present in the j-th observation on the i-th treatment of these fixed effect models.

Model description

Skew and Kurtosis by week of lactation

The skew, kurtosis and Shapiro-Wilk test for normality (Shapiro and Wilk, 1965) was
calculated based on DMI data for each week of lactation separately starting at 1 wk
to 44 wk using the Moments package of R 4.2.1 (Komsta, L., Novomestky, F., 2022).
This was performed on all cows in the database, then with primiparous cows only,

and then multiparous cows (Table 2). The null hypothesis of the Shapiro-Wilk test is
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that the data come from a normal distribution. The null hypothesis was rejected at a

significance level of P < 0.05.

Creation of pens to simulate DMI distributions

The database was used to generate multiple cow pens for a set number of cows
within a range of weeks of lactation. Three pen types were created: fresh, high and
low. Fresh pens were lactation range 1 — 3 wk, high range 4 — 18 wk and low range
19 — 44 wk. We also generated a large and small dairy pen size for each type. We
chose pen size and lactation range as representative of management in the
California dairy industry (M. Wukadinovich, personal communication, November
2022). Fresh pens were set at 20 (FRESH20) and 60 cows (FRESH60), high at 50
(HIGH50) and 200 (HIGH200), and low at 50 (LOW50) and 150 (LOW150). One
additional high pen was created with 50 primiparous cows only (HIGHP50), resulting
in seven pen types (Table 3). To create replicates of each pen type, data was
prepared in longform with one row per cow per wk of data observation. The data
were subset into the week of lactation ranges for each pen type, and 100 unique
pens for each type were generated by selecting one weekly observation of DMI per
unique cow within that week range. This pen generating code was nested in a FOR
loop with a changing random seed number in R 4.2.1 for 100 replications.
Observations were replaced between each pen generation. This resulted seven sets
of 100 unique pen replicates via bootstrapping. Each bootstrapped pen contained
unique weekly DMI observations by cow within the lactation range for that pen, no
cow occurred at multiple time points as each pen represents a temporal snapshot of
potential grouping on a dairy. Each replicate selected a random weekly DMI
observation per cow from the data pool available for the pen constraints, and

uniqueness comes from the diversity of arrangements of different cow week

8
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observations, and different cows grouped within pens together. Bootstrap selection
restores the data pool between each replicate, and random selection of DMI

observations provides the potential for many unique pens. All weekly observations
included DMI and milk information, cows with missing information of BW and body
condition score were included in pen generation, and their missing information was

excluded when calculating summary statistics of these variables.

Best distribution type fitting of DMI

All 100 replicates of each seven pen types were fit to the best probability distribution
type using the ExtDist package in R 4.2.1 (Wu, Godfrey, and Pirikahu, 2020). The
distributions Normal, 4-parameter Beta, Weibull and Logistic were selected by
preliminary visual assessment of the distribution shape of DMI of replicated pens,
then tested with maximum log likelihood estimation. The value closest to zero
represented the best fit to the data of the four tested distributions. For each of the
100 replicates of the seven pen types, the best distribution type to the DMI data of
that pen replicate was calculated by this method. The number of occurrences of best
fit for each tested distribution type were summed for each pen type to calculate the
proportion of each’s 100 replicates that were best fit by each distribution candidate.
The skew and kurtosis values of every replicate was calculated and the mean of both
values for each pen type is reported (Table 3). This method described the distribution
of DMI for multiple randomly generated pens to report the most common distribution
shape that best fit these pen types. The observed total DMI for each of the 700

replicated pens is known and calculated as the sum of observed DMI values per pen.

Model results

Predicting total DMI for a distribution shape

9
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A total DMI for every replicate of the seven pen types was predicted using its best
fitting distribution. This distribution type had its appropriate parameters calculated
using the function for that distribution in the R 4.2.1 package ExtDist by maximum
likelihood estimation (Wu et al., 2020). For each distribution and its parameters, we
randomly generated DMI values that fit the shape of the curve (rBeta, rNormal,
rLogistic, rWeibull functions, base R 4.2.1). The sum of these values was considered
the prediction of DMI for each pen for that fitted distribution shape. This random
generation and summing of DMI values was performed 1000 times for each pen
replicate, then the mean value of total DMI for the 1000 iterations was taken as the
final total DMI estimate. This was performed because of variance between the
randomly predicted values for a given distribution’s parameters, and to standardize

the prediction of total DMI across all replicates. (Table 4).

Predicting total DMI by empirical equation

The descriptive statistics of each of the 700 generated pen replicates of the seven
pen types were used to calculate the predicted DMI by the NASEM 2021 equation
(DMI(kg/d) = [(3.7 + Parity X 5.7) + 0.305 X MilkE(Mcal/d) + 0.022 x BW (kg) +
(—0.689 + Parity x —1.87) x BCS] x [1 — (0.212 + Parity x 0.136) X e(—0.053 X
DIM)]) (de Souza et al., 2019; NASEM, 2021) in R 4.2.1. The mean values of parity,
milk energy (NRC, 2001), BW, body condition score and days in milk (DIM) for each
pen replicate were used as the input values. The predicted DMI was multiplied by the
n of cows in that pen replicate to produce a total DMI of the pen at an assumption of

uniform DMI.

Comparing predicted DMI to observed and model diagnostics

10
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Every pen had predicted DMI compared to the observed DMI for percentage error
with the formula PercentageError = (Valueobser,,ed— Valuepredicted) /Value,pservea X

100. Observed total DMI was considered the sum of the observed DMI values of
every cow in each pen replicate. The predicted total DMI for a distribution shape, and
the predicted total DMI by empirical equation of every pen were both compared to the
observed total DMI for their percentage error in total DMI prediction. The mean error
for each of the seven pen types by both methods of prediction was compared for a
difference in means by student’s t-test at a significance level of P < 0.05 (Table 4).
Both prediction models, distribution fitting vs. NASEM, were compared to the
observed data for their model fit to the data using mean squared prediction error
(MSPE) (MSPE = ME? + VAR, ME = mean error, VAR = variance) using Microsoft
Excel (Microsoft, WA, USA) and partitioned into error due to mean, slope and

random bias as described by Benchaar et al., 1998 and Theil, 1966).
Results & Discussion

The goals of this modeling study were to create a pool of cows that could be
assembled into virtual pens that represent possible grouping of cows as may occur
on a commercial dairy, determine the best fit DMI distribution, and then estimate DMI
of the pen using the distribution. With bootstrap sampling, we generated virtual pens
by selecting a different weekly observation per uniqgue cow and assembling them into
pens of cows for a range of weeks of lactation. To observe the distribution in DMI of a
pen and represent how this truly may occur on a dairy, it was important to examine
many possible cow groupings for the consistency of distribution shape and estimate
the group level variables that defined the distribution. Because dairies are composed

of many different cows, variance between cows in the dataset was desired. But to

11
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avoid generating pens of cows that would not realistically be grouped together, FE
was used to compare metabolism between cows. Cows are most commonly grouped
by reproductive status, lactation stage and milking performance (Contreras-Govea et
al., 2015), so we assumed FE should be comparable across the database as a
measure of the cow’s ability to produce milk from feed, and to avoid skew by

introducing an artifact from combining metabolically dissimilar cows.

Database construction

Inclusion Criteria

Three of the nine datasets were different (P < 0.05) in milk yield or DMI due to the
intervention in their publication. All datasets had overlap of at least 50 % of the data
on boxplot analysis by treatment group. Results of the ANOVA analysis showed
differences between treatment groups for multiple datasets at occasional weeks of
lactation. But there were no differences observed for a period of three or more
consecutive weeks, and differences did not occur for more than 20% of all weeks of
lactation of the trial. Therefore, all treatment levels of each dataset were retained.
Datasets were compared to each other visually using boxplots and statistically by
ANOVA with dataset within database as the level for the means of DMI, milk yield
and FE. Dataset seven had consistently lower DMI and milk yield than other
datasets, and the range of these did not overlap by at least 50 % of the data of other
datasets at all weeks of lactation. This dataset also had repeated weeks of milk yield,
DMI and FE that were different from other datasets (P < 0.05). All observations from
dataset seven were removed from the database, resulting in a total of 375 cows with

8,982 weekly DMI observations retained and used in this study.

Database variance assessment

12
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Bootstrapping of pen groups allows the generation of many virtual cow pens, but as
the pen size approaches the total number of unique cows available, or number of
replicates increases, the variation between replicates will diminish. To generate
reasonable pens from this database, a high tolerance for variation in milk yield and
DMI within and between datasets was accepted, including reported significant
differences by the published studies. Dairies intentionally group cows of similar milk
production levels, and low milk yield accounts for 21 % of all cow culling removal
(USDA, 2014). To satisfy that the cows in the database could be grouped together on
a dairy, metabolic efficiency as FE, and the overlap in the variance of milk yield and
DMI was used to validate that generated virtual pens are reasonable, as dairies will

group cows to reduce variance in these variables.

Distribution of DMI by week of lactation

Week of lactation was the grouping factor for this study and is an important
determinant of DMI as energy demand of milk production changes with DIM. To
understand how this contributes to the distribution of DMI for pens, we first described
DMI distribution at each week of lactation. Skewness is an asymmetry in a
distribution, and a normal distribution is considered to have no skew. Positive
skewness indicates the mass of the distribution is shifted to the lower value of the
variable with a right tail (right skew), and the median is lower than the mean.
Negative skewness indicates the mass of the distribution is shifted to the higher
value of the variable with a left tail (left skew), and the median is higher than the
mean. Kurtosis is a measure of the data in a distribution’s tails. The normal
distribution has a kurtosis of three, with higher values indicating more data in the

tails.

13



295

296 Cows were first examined together, then the primiparous and multiparous separately
297 (Table 2) for skew, kurtosis, and Shapiro-Wilk test of normality for DMI. Best

298 distribution fit was not presented for these data as cows would not be grouped in
299 pens or fed by individual week on a dairy. For all cows together 2 — 10 wk of lactation
300 were non-normal except for 6 wk. Normality was observed from 11 — 35 wk for these
301 cow groups at almost every week, then non-normality was again observed at

302 occasionally between 37 — 44 wk. Almost all non-normal weeks were left skewed. For
303 primiparous, non-normality was observed at 20 and 28 wk with left skew at a n of 56
304 cows. For multiparous, non-normality was observed for the fresh and early high

305 period (2-6 wk), and 16 to 23, 36, 40 and 43 wk. For all three animal groups at most
306 weeks of lactation the DMI distribution shape was negatively skewed (left skew).
307

308 Under the central limit theorem, we expect that the random variable of DMI at each
309 week of lactation would assume a near-normal distribution for a large sample size.
310 This is only observed when looking at primiparous cows. For all cows in the early
311 lactation period the effects of parturition on energy balance, metabolism and

312 immunity (Pascottini, Leroy, and Opsomer, 2020) may be creating a non-normal

313 distribution of DMI. This distribution in the early lactation period is not considered in
314 empirical prediction equations of DMI. The NASEM 2021 and Cornell Net

315 Carbohydrate and Protein System are both calculated using observed data of cows
316 after their peak lactation milk yield. Normality was observed for early lactation

317 primiparous cows. Primiparous cows may be more uniform in their milking potential
318 and DMI as these animals still have growth energy demands and lower incidence of

319 production diseases or intramammary infections than older animals. Further non-

14



320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

normality was observed in the multiparous cows after the milk yield peak (6 — 9 wk,
Figure 1), and this distribution may be introduced by factors such as the age

diversity, pregnancy status, disease history or management differences.

The mean and median of all cows were presented by week for the variables milk
yield, DMI and FE (Figure 1). There was a rapid increase in DMI and milk yield
across the early lactation period. This difference in DMI level early in lactation will
impact the DMI distribution of fresh pens. Later in lactation we see a gradual decline
in DMI. Pens at this period of the lactation usually include cows across a wider range
of weeks, and the number of cows at each week will influence the DMI distribution for
a pen. The median and mean lines of Figure 1 deviate when skew occurs, as the
mean is drawn away from the median by outliers. These factors, the construction of
pens across a range of the lactation, and skew in DMI within cows at the same week,

both highlight the concern in assuming uniformity of DMI for a pen.

Distribution fitting by pen type

One hundred replicates of the seven pen types were randomly generated and each
one was fit to the best distribution. The 4-parameter Beta was the best distribution for
all the pen types. For pens FRESH20 and FRESHG60 the Beta was the best fit for 85
and 87 % of replicates respectively. For HIGH50, HIGHP50 and HIGH200 the Beta
was the best fit for 77, 80 and 60 % of replicates respectively, and for LOW50 and
LOW150 it was the best fit for 62 and 36 % respectively (Table 3). The shape and
scale parameters of the beta distribution allow it to accommodate right and left
skewness in its shape and made it the best distribution to represent these data. For

FRESH20 and FRESH60, the mean skewness of all the replicates were close to 0,
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indicating an even number of positive and negative skew values in the replicates, and
the mean kurtosis was less than three, describing a platykurtic distribution with flat
tails and small outliers. The HIGH50 and HIGH200 pens both had negative mean
skewness, indicating a left sided tail, and mean kurtosis close to three, describing
tails similar in weight to a normal distribution. The HIGHP50 pen had a negative
mean skew value and normal mean kurtosis. Both LOW50 and LOW150 had a mean
negative skewness and mean kurtosis values higher than three. This positive excess
kurtosis indicates a leptokurtic distribution with heavier weighted tails, describing
large outliers. This may be due to the largest week range of the LOW50 and
LOW150 pens at 19 — 44 wk. The skew values of all pen types led to the beta
distribution as the best overall fit. The pens FRESH20 and FRESH60 had a mean
skewness close to zero, but when examining each replicate separately pens were
equally dispersed as either heavily negative or heavily positive in skewness (not

shown), resulting in a mean skewness close to zero.

This demonstrates that in the early lactation fresh cow pens may have non-normal
distributions, with outliers to either the right or left side, depending on the cows in the
group. Pens later in the lactation, HIGH50, HIGH200, LOW50 and LOW150 were
consistently left skewed and best described by the beta distribution as it
accommodates this spread of data. The proportion of replicates best described by
normal was higher for HIGH200, LOW50 and LOW150 than other pens. The
HIGH200 pen may move closer to the normal as the n of this pen was the largest, but
beta was still a better distribution fit for most of these replicates. Pens LOW50 and
LOW150 had the normal as the best fit for 10 and 29% respectively, and the logistic

distribution as best fit for 24 and 34 % of replicates respectively. These pens were
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392

spread across the longest lactation range, and at the lower milk production period,
when most cows that remain in the herd would be pregnant and at a lower intake
level so the decline in DMI is less steep for these weeks. The HIGHP50 pen was still
described best by the beta distribution but had a skewness and kurtosis close to the
normal. This pen only consisted of primiparous cows, and as only three of the eight
final datasets in the database included primiparous, this pen had less variation by
DMI. But the beta distribution was still most appropriate, indicating that skewness

was an important component of these pen groups at that lactation range.

The description of these pens as a beta distribution indicates that uniform feeding of
cows within a pen to a fixed DMI value is not appropriate. When a DMI value is
estimated for a hypothetical cow of a pen and that number is multiplied by the
number of cows, not all cows are eating at the same level. There is an assumption
that the symmetric tails of a normal distribution will correct for this feeding rate. By
feeding as if every cow will eat the same, it is expected that cows who eat less will
have their excess feed consumed by cows who require more DMI. But if distributions
are not normal, the pen will be over or underfed depending on how the distribution is
skewed. Correction factors are routinely applied to increase the pen DMI as this
method under-supplies the pen in practice. This is proven by the description of the
pen distributions in this study. All high and low yielding pens, except for HIGHP50,
had consistent left skew and non-normal distributions. With left sided outliers the
main mass of the data is in the upper range of values for these pens. The mean is
only an appropriate parameter of the normal distribution, and the mean is pulled

towards extreme outliers. For these pens, the mean value will be below the center of
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mass of this distribution leading to an underestimate of total DMI when the pen is fed

at a uniform rate.

Total DMI prediction

Predicting total DMI for a distribution shape

All 100 replicates of the seven pen types had a total DMI by pen predicted using the
best fit distribution shape for those data (Table 4). The observed DMI for every pen
replicate of the seven pen types was calculated by summing the observed DMI of the
cows in each replicate, and the pen DMI predicted by its best distribution shape was
compared to the observed for percentage error. A percentage error was calculated
for every replicate and the mean percentage error by pen type is presented. All
seven pens had a percentage error less than 1 % for the best distribution prediction

of DMIL.

Predicting total DMI by empirical equation

Pen DMI was also predicted for all replicates by calculating a DMI value with the
NASEM 2021 equation with the inputs as the mean values of the pen for each, and
multiplying that value by the n of cows in the pen. These predicted values were
compared to the observed DMI by pen type for mean percentage error and ranged

from 11 to 22 %.

The mean squared prediction error of each pen type was calculated for both
prediction models to assess the fit of the predicted values to the observed (Table 4,
Figure 2). Every pen type had a lower mean squared prediction error for the
distribution shape prediction model as compared to the empirical equation model

showing a better fit to data of the distribution shape model. This analysis
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demonstrates the model fit of a DMI predicted by an estimated distribution shape is
more appropriate than assuming uniform feeding. The model error was partitioned
into error due to bias, random variance and slope not equaling one. For the
distribution prediction model 77 — 98 % of error was due to random variation in the
data indicating that the model is well fitted to the data. For HIGHP50 the mean bias
error was 21 % suggesting systematic error in prediction of the DMI mean by the
model for this group. For the NASEM prediction model random error ranged from 6 —
68 % with the HIGHP50 pen type at 6 % error due to random variation and 93 % due
to mean bias. This HIGHP50 group was made up of primiparous only animal and
from a smaller subset of possible animals and both models demonstrated systematic

error in their prediction of mean producing this proportion of error in the model fit.

The NASEM 2021 empirical equation was derived using post milking peak cow data
so estimates for early lactation pens may be inaccurate. High and low lactation range
pens were all underestimated by this equation. High pen underestimation by the
empirical model of this study agrees with the observed practice of necessary over-
formulating diet on commercial dairies, as underfeeding cows can limit milk
production. Describing a distribution type for a pen DMI predicts a DMI closer to the
observed DMI of a pen, allowing diets to be calculated to a more accurate amount at
formulation rather than utilizing an imprecise correction factor. The practice of
formulating diets by increasing DMI by a fixed level is not precision feeding, and

ingredient composition may change if DMI is a binding constraint in the formulation.

Model assessment
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This modeling study was conducted by generating virtual pens with data of known
DMI values. But the application of this work relies on the future ability of predicting
the distribution shape of a cow pen with unknown DMI. For group housed dairy cows,
DMI estimation is crudely approximated by measuring the feed remaining after a
given time-period from the supply of a known feed quantity. Individual DMI
measurements, such as Calan gates, are not feasible for large groups as one gate
would be needed per cow, and would probably change inter-cow feeding behavior
(Seymour et al., 2019). Sensor technology attempts to measure individual cow DMI
with accelerometers and cameras at feed bunks, and if the data are validated could

contribute to pen calculation of total DMI.

Pens with known individual cow DMI values can describe the distribution shape and
parameters. This model generated virtual pens to build a labelled database of known
distribution shapes. For pens on commercial dairies where individual DMI is not
known, supervised learning could predict the distribution characteristics of a pen by a
model trained with a labeled database. The model presented in this study
demonstrates that predicting pen DMI with a distribution can provide accurate
estimates. Current group feeding approaches supply a uniform level of DMI and are
not precision feeding. Utilizing the distribution of DMI for each pen of cows is a

necessary factor in achieving precision feeding aims for group feeding methods.

Conclusion

Precision feeding for cow pens is not achieved by formulating a DMI value for an

individual cow and feeding it uniformly. Describing the distribution shape of DMI for
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cow pens predicts a pen DMI with less error and can provide an approach to

precision feeding in this industry.
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586 Table 1. Description of the trial datasets used in the database of this dairy cow

587 study
nl
Lactation Difference
Trial Index? Total Primi® Multi4 Breed range, wk® Intervention® (P < 0.05)’
DePeters et al. _
1 55 15 40 Holstein 1-44 Management No
19858
Dhiman and _ _
2 74 29 45 Holstein 1-36 Diet Yes
Satter 1997°
Greenfield et Holstein &
3 37 0 37 1-8 Therapy Yes
al. 2000 Jersey
Unpublished?® 4 45 0 45  Not stated 3-18 Not stated Not stated
Unpublished?® 5 40 0 40  Not stated 1-21 Diet Not stated
Huyler et al. . .
6 31 0 31 Holstein 1-10 Diet No
199910
Livesey et al. . Diet &
51 0 51 Holstein 1-14 No
1998 management
Chalupa et al. . .
36 12 24 Holstein 3-43 Diet Yes
19968
Dann et al. _ _
9 57 57 0 Holstein 1-9 Diet No
199910
Total 426 113 313
588 Primi = Primiparous
589 Multi = Multiparous
590 1 Cow population per trial as the total, and primiparous and multiparous separately.
591 Z2identifying index of each dataset.
592 3Primiparous dairy cows in their first lactation.
593 4Multiparous cows.
594 5 The weeks of lactation for which each dataset recorded weekly individual cow milk yield and dry
595 matter intake.
596 ¢ The type of treatment intervention studied by each trial.
597 7 Publication reported significant difference in the milk yield or dry matter intake of a single treatment
598 group in the dataset.
599 &Dataset recorded weekly average dry matter intake, milk, milkfat, milk protein and BW.
600 °Dataset recorded weekly average dry matter intake, milk, milkfat, and milk protein.
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601 10 Dataset recorded weekly average dry matter intake, milk, milkfat, milk protein, BW, and body
602 condition score.
603 1Dataset recorded weekly average dry matter intake and milk, and monthly milkfat, BW and body

604 condition score.
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605 Table 2 Skew, kurtosis and Shapiro-Wilk test of goodness of fit to normal distribution for dry matter intake values of all

606 dairy cows by parity

All cows Primiparous Multiparous

Shapiro- Shapiro- Shapiro-

Wilk P- Wilk P-value Wilk P-value
Week? n? Skew®  Kurtosis* value® n Skew  Kurtosis n Skew  Kurtosis
1 294  -0.10 2.70 0.5 101  -0.49 3.24 0.08 193 -0.04 2.31 0.1
2 294 -0.32 2.93 0.01 101 -0.012 2.61 0.2 193 -0.47 3.43 0.03
3 342 -0.34 3.02 0.05 102 0.10 2.28 0.2 240 -0.56 3.87 0.004
4 360 -0.45 3.22 0.001 109 0.10 2.38 0.5 251 -0.77 4.40 < 0.001
5 364 -0.30 3.24 0.06 110 -0.031 2.52 0.2 254  -0.47 4,04 0.001
6 374 -0.24 3.21 0.5 113 0.24 2.78 0.4 261 -0.42 4.20 0.008
7 375 -0.37 3.15 0.006 113 0.072 3.00 0.4 262 -0.29 3.19 0.1
8 373 -0.30 2.69 0.003 113 0.014 2.33 0.4 260 -0.23 2.79 0.005
9 337 -0.36 2.79 0.003 113 -0.022 2.37 0.3 224 -0.30 3.07 0.1
10 280 -0.11 2.33 0.02 56 0.063 2.69 0.6 224 -0.18 2.68 0.2
11 250 -0.21 2.61 0.09 56 -0.61 3.46 0.09 194 -0.16 2.79 0.3
12 250 -0.21 2.47 0.05 56 -0.13 2.46 0.5 194 -0.37 3.29 0.1
13 250 -0.15 2.91 0.8 56 -0.47 3.70 0.4 194 -0.11 3.37 0.5
14 250 0.052 2.65 0.9 56 -0.012 3.11 0.8 194 -0.071 3.21 0.7
15 250 -0.091 2.72 0.8 56 -0.26 2.58 0.7 194 -0.33 3.52 0.1
16 250 -0.27 3.05 0.3 56 0.35 3.06 0.4 194 -0.70 4.67 < 0.001
17 250 -0.22 2.78 0.4 56 -0.32 3.18 0.4 194 -0.55 3.68 0.01
18 250 -0.20 3.40 0.1 56 0.25 2.83 0.8 194 -0.65 4.71 < 0.001
19 205 -0.23 3.69 0.2 56 -0.12 3.06 0.7 149 -0.67 4.14 0.003
20 205 -0.42 3.96 0.002 56 -1.8 9.34 < 0.001 149 -0.66 3.93 0.003
21 205 -0.18 3.67 0.1 56 -0.40 3.16 0.3 149 -0.54 4.05 0.01
22 164 -0.16 3.65 0.04 56 0.21 3.03 0.9 108 -0.68 4.33 0.008
23 162 -0.16 4.01 0.2 56 -0.062 2.73 0.6 106 -0.59 4.59 0.02
24 162 0.34 2.93 0.2 56 -0.50 2.78 0.04 106 0.051 2.59 0.3
25 162 0.32 2.49 0.03 56 -0.052 2.45 0.5 106 -0.023 2.21 0.1
26 162 0.21 3.03 0.5 56 -0.53 3.32 0.4 106 -0.082 2.73 0.9
27 162 0.52 3.01 0.01 56 0.012 2.79 0.6 106 0.20 2.48 0.2
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28 162 -0.082 3.46 0.6 56 -1.2 5.94 0.001 106 -0.081 2.63 0.7
29 162 0.16 2.58 0.2 56 0.19 2.29 0.3 106 -0.22 2.49 0.2
30 162 0.11 2.88 0.8 56 -0.17 3.63 0.4 106 -0.062 2.59 0.9
31 162 0.033 2.60 0.9 56 0.48 3.33 0.4 106 -0.23 2.43 0.3
32 162 0.11 2.74 0.2 56 0.68 3.55 0.05 106 -0.19 2.44 0.2
33 161 -0.18 2.66 0.4 56 -0.062 2.91 0.9 105 -0.39 2.45 0.03
34 161 -0.11 2.74 0.09 56 -0.13 3.55 0.5 105 -0.31 2.37 0.02
35 161 -0.21 2.84 0.1 56 0.17 3.47 0.2 105 -0.42 2.57 0.03
36 160 -1.2 8.10 < 0.001 56 -0.082 2.70 0.8 104 -1.4 7.31 < 0.001
37 86 -0.29 3.44 0.2 27 0.053 2.18 0.7 59 -0.29 3.07 0.3
38 85 0.094 4.16 0.08 26 -0.19 2.14 0.6 59 0.034 3.64 0.3
39 83 -0.27 4.15 0.07 26 -0.23 2.64 0.5 57 -0.22 4.10 0.1
40 82 -0.36 4.27 0.2 26 -0.20 2.07 04 56 -0.45 4.45 0.09
41 65 -0.46 3.72 0.3 21 -0.64 2.62 0.1 44 -0.39 4.14 0.5
42 62 -0.80 3.62 0.02 21 -0.86 2.48 0.01 41 -0.72 4.28 0.1
43 58 -0.87 3.92 0.01 21 -0.64 2.63 0.3 37 -0.97 5.19 0.03
44 26 -0.26 2.39 0.5 8 -0.091 1.68 0.5 18 -0.15 2.69 0.9
607 1 The week of lactation of data observation

608 2The population of cows observed at the given week of lactation

609 3Measure of data skew. Negative values indicate left skew, positive values indicate right skew.

610 4 Measure of data in tails of distribution. Kurtosis of 3 is considered normal.

611 5A P <0.05 rejects the null hypothesis that the data are normally distributed.
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Table 3 Proportion of best distribution fit for 100 replicates of each dairy cow pen class

DMI Distribution Proportions of best distribution of DMI for

description? all replicates? (%)
Pen type Lactation Pen Mean DMI,
index3 Cows, n range?, wk replicates®, n  cow® (kg) Skew  kurtosis  Normal Beta Weibull  Logistic

FRESH20 20 1-3 100 17.06 0.07 2.76 8 85 1 6
FRESH60 60 1-3 100 16.97 -0.03 2.49 8 87 0 5
HIGH50 50 4-18 100 22.71 -0.2 2.99 8 77 0 15
HIGHP50 50 4-18 100 20.51 0.05 2.87 7 80 8 5
HIGH200 200 4-18 100 22.97 -0.2 3.12 28 60 0 12
LOWS0 50 19-44 100 20.90 -0.2 3.22 10 62 4 24
LOW150 150 19-44 100 20.86 -0.2 3.43 29 36 1 34

FRESH20 = Pens of 20 random cows within the lactation range 1 — 3 week.

FRESHG60 = Pens of 60 random cows within the lactation range 1 — 3 week.

HIGH50 = Pens of 50 random cows within the lactation range 4 — 18 week.

HIGHP50 = Pens of 50 random primiparous cows within the lactation range 4 — 18 week.

HIGH200 = Pens of 200 random cows within the lactation range 4 — 18 week.

LOWS50 = Pens of 50 random cows within the lactation range 19 — 44 week.

LOW150 = Pens of 150 random cows within the lactation range 19 — 44 week.

1 The mean distribution statistics of skew and kurtosis for all replicates of each pen type.

2 The proportion of each distribution type occurring as the best fit for DMI of a pen across all replicates of pen types.
3 Index of generated virtual pen type for given lactation range and population size.

4 The range of weeks of lactation the pen type was constructed across.

5The number of replicates generated for each pen type with a random and unique selection of cows in each replicate.
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6 The mean cow DMI of all replicates of each pen type.
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Table 4 DMI predictions by best distribution type and by NASEM equation of all pen replicates of each dairy cow pen class

and model fit statistics

Predicted pen DMI by distribution? Predicted pen DMI by NASEM?

% % % Error % %
Pen type Observed pen % Error of % Slope  Random DMI of %  Slope Random
index® DMI (kg)* DMI (kg) distribution® MSPE® Bias’ not1® variation® (kg) NASEM MSPE Bias notl variation
FRESH20 341.09 342.43 +0.42 55.64 0 5 95 291.66 -14.37° 2114 0 32 68
FRESH60 1018.17 1019.8 + 0.092 60.42 0 2 98 876.96 -13.82° 641.6 0 42 58
HIGH50 1135.61 1136.6 + 0.092 43.63 0 2 98 937.45 -17.42° 5459 0 35 65
HIGHP50 1 025.69 1026.2 + 0.052 55.28 21 2 77 921.81 -10.11° 7612 93 1 6
HIGH200 4 593.08 4 595.1 + 0.042 182.8 2 2 96 3761.0 -18.11° 1573 0 33 67
LOWS0 1044.79 1045.6 + 0.082 47.44 0 2 98 810.67 -22.38> 587.1 0 64 36
LOW150 3127.82 3131.1 +0.12 81.99 0 3 97 24279 -22.37° 803.2 0 82 18

DMI = Dry matter intake
MSPE = Mean squared prediction error

FRESH20 = Pens of 20 random cows within the lactation range 1 — 3 week.
FRESHG60 = Pens of 60 random cows within the lactation range 1 — 3 week.

HIGH50 = Pens of 50 random cows within the lactation range 4 — 18 week.

HIGHP50 = Pens of 50 random primiparous cows within the lactation range 4 — 18 week.

HIGH200 = Pens of 200 random cows within the lactation range 4 — 18 week.

LOWS50 = Pens of 50 random cows within the lactation range 19 — 44 week.

LOW150 = Pens of 150 random cows within the lactation range 19 — 44 week.

! Distribution type prediction model. The mean total pen DMI of 100 replicates of the given pen type from the predictive model of the best fitted distribution
shape for each replicate.

2 Empirical predication model (NASEM, 2021). The mean total pen DMI of 100 replicates of the given pen type from the predictive model of a single empirical

DMI estimate that is fed uniformly to the population of cows.
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3 Index of generated virtual pen type for given lactation range and population size.

4 The observed mean total pen DMI for 100 replicates of each pen type.

5 Mean percentage error of each predicted pen DMI estimate from the observed value for each replicate. Means of percentage error for each pen replicate
were compared across both prediction models using Students t-test.

6 Model fit evaluated as the predicted total pen DMI of both prediction models to the observed values of each replicate. Mean square prediction error to
evaluate the error in model fit.

7 Proportion of model error as MSPE due to bias (Benchaar et al., 1998).

8 Proportion of model error as MSPE due to the slope of data not equal to 1 (Benchaar et al., 1998).

° Proportion of model error as MSPE due to random variation in the data (Benchaar et al., 1998).

ab Values within a row with different superscripts differ significantly at P < 0.05 for t-test comparison of mean percentage error of both prediction models.
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Figure captions

Fig. 1. Line plots of the mean and median of milk yield, DMI and feed efficiency of
dairy cows by week of lactation and dataset. Abbreviations: DMI = Dry matter intake.
A. Mean and median milk yield (kg) of dairy cows by week of lactation for each
dataset in this study separately.
B. Mean and median DMI (kg) of dairy cows by week of lactation for each
dataset in this study separately.
C. Mean and median feed intake (milk kg/DMI kg) of dairy cows by week of
lactation for each dataset in this study separately.
Fig. 2. Scatter plots of observed versus predicted model diagnostics for each of the 7
dairy cow pen types for both the Distribution and NASEM model. Abbreviations: DMI
= Dry matter intake. FRESH20 = Pens of 20 random cows within the lactation range
1 — 3 week. FRESHG60 = Pens of 60 random cows within the lactation range 1 — 3
week. HIGH50 = Pens of 50 random cows within the lactation range 4 — 18 week.
HIGH50Lactl = Pens of 50 random primiparous cows within the lactation range 4 —
18 week. HIGH200 = Pens of 200 random cows within the lactation range 4 — 18
week. LOWS50 = Pens of 50 random cows within the lactation range 19 — 44 week.

LOW150 = Pens of 150 random cows within the lactation range 19 — 44 week.
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Is the feed quantity for a pen calculated accurately when using the mean cow?
Dry matter intake is not normally distributed for dairy cows by week of lactation.
The beta distribution shape best described dry matter intake for pens of cows.
The beta had lower error than calculating the pen’s mean cow dry matter intake.
Increasing precision and accuracy will improve the formulation of pen diets.
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All authors must be listed.

Journal article
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abbreviated form.

Issue numbers are not required.

Book (or official report)

If a publisher is based in more than one
place, use only the first one.

If multiple publishers are list, it is
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Book chapter (or official report part)

If a publisher is based in more than one place,
use only the first one.
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to use only the first one.

Proceedings (or Conference paper)
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given.

If proceedings are published in a journal,
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journal article.

If they have been published as chapters in a
book, the article should be formatted as for a
chapter in a book.

Website
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Month YYYY format

Thesis
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Author, A., Author, B., Author, C.D., Author, E., Year.
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e  Martin, C., Morgavi, D.P., Doreau, M., 2010. Methane mitigation in ruminants:
from microbe to the farm scale. Animal 4, 351-365.
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Author(s), Year. Chapter title. In Title of book (ed. Editor, A., Editor, B.). Publisher’s name,
City, State (2-letter abbreviation) for US places, Country, pp. first-last page numbers.
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Author(s)/Institution, Year. Document/Page title. Retrieved on DD Month YYYY (i.e.
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Author, A.B., Year. Thesis title. Type of thesis, University with English name, City, State
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Appendix: Example of table format

Table 1
Effect of x and y on z in w; tables should be sufficiently detailed for being understood without any

reference to the text, but do not give details of the Material and methods.

Heading
Heading?! Heading
ltems ColH1? ColH2 ColH3 ColH4 ColH5 RMSE P-value
Row heading (units)
Row subheading
Row sub-subheading  Value  Value Value Value Value Value Value
Row sub-subheading  Value  Value Value Value Value Value Value
RSSH Value  Value Value Value Value Value Value
Row subheading
Row sub-subheading  Value  Value Value Value Value Value Value

Row sub-subheading Value? Value®®  Value®™ Value® Vvalue Value Value

Row heading?® Value  Value Value Value Value Value Value
Row heading Value  Value Value Value Value Value Value
Row heading Value  Value Value Value Value Value Value

Abbreviations: ColH1 = Column heading 1; ColH2 = Column heading 2; ColH3 = Column heading 3; ColH4 = Column
heading 4; ColH5 = Column heading 5; RSSH = Row sub-subheading.

1 Footnote explaining heading.

2 Footnote explaining column heading 1.

3 Footnote explaining row heading.

ab values within a row with different superscripts differ significantly at P<0.05.





