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ABSTRACT

DAIRY MANAGEMENT DECISIONS UTILIZING

AVAILABLE EVIDENCE AND INFORMATION.

Animal agriculture in today’s economic environment is often complex and the uncertainties
involved in the decision process make being piaifita challenge. Serving as business consultants,
veterinarians can aid producers in helping to mpfafitable decisions by utilizing available
decision tools that enable a better understandinipeo economic risk for decisionsScientific
studies that examine the biological response tdhhealmanagement interventions on dairy farms,
while valuable for understanding biology are somes limited in their ability to aid in the making
good decisions for interventions in agriculture.ddig economics as well as incorporating the
variance associated with point effect estimatebiabgical effect may be a way to decrease the
uncertaintyor better understand the risk surrounding a manageteersion.

One decision tool available for understanding gobssinterventions is the use of cross
sectional surveys and longitudinal observationatliss A longitudinal study was designed to
evaluate various management factors and feed eekl#ind their association with undifferentiated
diarrhea events on dairy farms. Based on data #fénfarms, our research team found that
fermentedSaccharomyces cerevisiae yeast culturéSCFP) reduced the risk of a cow having a
diarrhea event by 30% (IR = 0.70R € 0.043, Cl = 0.505, 0.989). In addition, haviaadherd
located in the Eastern US versus the Western USagsaciated with more diarrhea events (IR=
2.036P = 0.066, Cl = 0.953, 4.39).

In striving to find the best literature and studies available to help guide the decision

process, published studies may differ in estimates of the magnitude of herd response to various



management inputs (actions). One key tool that is gaining scientific prominence is the use of
meta-analytic techniques to combine multiple studies into a single entity to predict the effect of
certain interventions on certain indices of herd health and productivity. tAamnalysis of
thirty-six separate studies orSaccharomyces cerevisiae yeast culture fermentation product was
conducted. A total of 69 comparisons met the criteria for inclusion in a random-effects meta-
analysis and a sub-group analysis of peer reviewed studies of feeding a SCFP showed an
estimated raw mean difference between treated and untreated cattle of 1.18 kg/d (95% CI, 0.55 to
1.81), 1.61 kg/d (95% CI, 0.92 to 2.29), and 1.65 kg/d (95% CI, 0.97 to 2.34) for milk yield,
3.5% fat corrected milk and energy corrected milk, respectively. Milk fat yield and milk protein
yield showed an increase in the raw mean difference of 0.06 kg/d (95% CI, 0.01 to 0.10) and
0.03 kg/d (95% CI, 0.00 to 0.05). Estimated raw mean difference in dry matter intake during
early lactation (< 70 DIM) and non-early lactation were 0.62 kg/d (95% CI, 0.21 to 1.02) and a
decrease of 0.78 kg/d (95% CI, -1.36 to -0.21), respectively from feeding SCFP.

Another meta-analysis of active dry yeasD{Y) products was performed; this included 22
papers with 25 comparisons that met the final riaiti®r inclusion. These studies, conducted in 13
different countries, evaluated active dry yeast pet&lfrom 7 different companies. This random-
effects meta-analysis, showed there was high rgeaeity in the study outcome for milk yield,
making it an unreliable outcome to report. One-gudup analysis identified an area of
heterogeneity to be study location (in North America verstsde North America). Milk yield for
the 7 studies conducted in North American were (kg&l versus 0.96 kg/d for 13 studies
conducted outside North America. The raw mearewdfice in milk fat yield was 0.05 kg/d and
there was a numerical difference in milk proteialgiof 0.02 kg/d. No difference in dry matter

intake was observed.



Utilizing the information in meta-analysis of products canirtbproved by the use of
stochastic analysis by incorporating the variance fimenpbint estimate parameters into a partial
budget of the production changes. Software programs exist thaperform Monte Carlo
simulations on partial budgets, factoring in both thedgicial effects and their variance from the
meta-analysis result as well as the economics of the malathange for the proder’s business.
ModelRisk 5.1.1 (Vose Software BVBA, Belgium, 2015) was usednergée 10,000 iterations of
a partial budgetutilizing the mean outcome and variance parameters fronS@EC meta-
analysis. The resulting stochastic partial budget calcolatiowed a risk of not having aboae
breakeven response as 0.27% addition, the cost of making a Type 1 error versug@e error
would be less than $0.001 versus $0.38 per cowhis means that based on the information
contained in the meta-analysis the producer is left witiptbieability 0f0.27% of losing <$0.001 /
cow /d by feeding SCFP versus the decision to not feed S®EMave a 99.8% chance of not
earning $0.38 per cow/d. Based on the meta-analysisadstante Carlo simulation of theDY
products in early lactation showed a risk of not having aksexen response as 38487

This dissertation demonstrates the use of direct fedobals may have a benefit in
nutrition programs on dairies. Specifically, the use GFB was associated with a decrease in
diarrhea events as well as increases in milk productibenwanalyzed using meta-analytic
methodology. To aid in decision making the use of stochastiysas utilizing the variance from
the meta-analysis along with the associated point effectsusetul tool to graphically and
numerically demonstrate the uncertainty of the outcomegrhtiag the biological variation and it
associated economic values into a distribution of outcalmeg with their associated conditional
probabilities can be used to calculate the cost of Type 1 goel 2 components of the decision

helping to frame the decision in quantifiable units pogsiibre useful to a diary producer.
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EXECUTIVE SUMMARY

Dairy Management Decision Making Utilizing Available Evidence and I nformation

Animal agriculturein todays economic environmeig often complex and profitability
can be difficult as indicated by the changing dairy sector. The dairy industryaiiissthese
problems well. In 2003, there were 70,375 registered dairy herdbe US, butby 2015 there
were only 43,584 (Gould 2016b), a reduction of 38%. Although some dairiegar@ay of
business because people retire or no longer wighrm, many of these dairies cedseexist
because other, more profitable dairies take their ptapeoducing milk. A farm numbers have
declined, dairy cow inventory has increased, changing from 9.08 million two@82 million
cows over this time period (Gould 2016a). During the same time peiladpnoduction per
cow has climbed from 18,759 Ibs. / cow / yamR2,393 Ibs. / cow / year (Gould 2016c). Clearly,
herds have gotten bigger and per-amvk productionis higherin the dairies that remained in
business over this period. This suggests that the dairies that left the industry were not all
voluntary exits from animal agriculture but farms that failed to adapt to a more efficient or
profitable form of business enterprise.

Veterinarians can be key advisdosdairies and other animal agricultural enterprises, as
they often have the ability and training to provide more than simple technical services (e.qg.
pregnancy diagnosis, surgery). Veterinarians have the opportunity to function in a valuable
advisory role for making economic decisions that involve herd and enterprise management. The
practiceof management itsel§ a discipline similato practicing medicine, in that decisions are
madein the face of uncertainty (Drucker 1973). Being dblenake the best informed decision

based on relevant informatias key to being a successful business; this principle includes



agriculture. Many decisions are made using intuition and business people that have been
successful in business in the past often have had success because they are very good at making
decisions based on intuition. As decisions become more complex and the need to make
economically optimizing decisions consistently increases, the need for business advisors to help
gather and quantify the needed information becomes more valuable to the business manager in
the decision-making role. The best advisor will seek evidence that improves the probability the
economic decision being madethe best possible. For veterinarians, these business decisions
have two key parts: The biological decision (we make a diagnosis based on someégperof

we recommend use of a certain product) and the economic decision, which can be simplified to
be the economic outcome that results from the biological decision. Both portions of the decision
have uncertainty associated with them. For examy#esanconduct a physical examination to
diagnose a health problem in a cow. Treating the cow has a cost, and the outcome of the
treatment possesses its own degree of uncertainty. The cow could die and the farm receives no
money or has to pay for disposal,ibcould be culledat an uncertain price for instance the cull

cow could sell for $0 or for $2000 or more dollars. The cow could return to production and
provide a net return of $300 to $600 per year for the next 10 years or 1 year. Theemare

reduce the uncertainty within such scenarios, the less risky becomes the treatment decision. Risk
can be definedas the probabilityof achievingan outcome that is less than the expected (or
desired) outcome (Backus, Eidman, and Dijkhuizen 1997). Decision makers must have a grasp
of the probabilistic nature of the uncertaintiegshe decisions, as well as the inherent economic
impact ofthese uncertainties (Howard 1966) to be able to understand the potential outcomes or

the true choices of the decision they are making.



The purpose for this dissertation is to evaluate several methods for improving our
understanding of informing decisions, in the context of decision making regarding the use of
direct fed microbials in dairy cattldn Chapter 1, a review of the economic decision models and
history of their development and use in the agriculture focusing on dairy decision models will be
discussed. Because adequate informattodescribe the potential outcome of decisions is not
always available and methods for gathering information from populations without the ability to
conduct a random controlled experiment is often needed, in Chapter 2 the design of an
observational study is described for one such dairy question. This chapter involves an
observational studfo estimate the effect of the addition of several common feed additives and
farm management practices on the risk of the occurrence of herd-level diarrhea in dairy
operations. The utilization of cross sectional surveys and observational study designs maybe the
only methodsto find this type of management information out for the farm manager because
randonty controlled, prospective studies may not be possibléalcest or ethical concerns.

Randomized, controlled studies often do exist for the purpose of informing decision
makers about the biological outcome of a farm intervention decision; unfortunately, these studies
may provide conflicting conclusions or and / or lack significance, the latter of which lseuld
dueto the lackof powerto detect a differencm the intervention owingo small sample sizeln
Chapter 3we use meta-analytid® estimate the effects of a yeast culture fermentation product
on milk production and feed intake on dairy farms. The use of meta-analysistatistical
methodto combine many studids better inform us of the mean and uncertainty surrounding the
mean based on all relevant information from the literature (DerSimonian and Laird, 1986; Lean
et al.,, 2009). In Chapter 4 a meta-analysis is again presented but differs in evaluating the

intervention of adding active live yeast products to feeding programs in dairy cattle. Bibeause



dairy decision maker is interested in more than just the point estimates of the proposed
intervention in Chapter @e utilize the uncertainties found the meta-analyseés developan
economic model for dairy decision making using a partial budget model that incorporates the use
of Monte Carlo simulationThe use of stochastic software to build a Monte-Carlo partial budget
will allow the use of the point estimates and associated variance to better inform the decision
maker of the comprehensive view of the possible outcomes for the decision surrounding the

intervention for yeast culture or active dry yeast in a dairy diet.



CHAPTER 1

DECISION ANALYSIS MODELS

I ntroduction

Making decisions in the face of uncertainty is the function of management in any
enterprise (Drucker, 7B). Being able to make the best informed decision based on relevant
information is key to being a successful business. What tools are available to reduce uncertainty
around information that goes into making those decisions? As veterinarians working in animal
health and agricultural production, there is often a distinction made between risk and uncertainty.
Risk is often being defined as a situation or state where the decision maker knows the possible
alternative outcomes and can attach a probability émthvhereas in uncertainty, the decision
maker has less information on the outcome(s) and cannot attach probabilities to them
(Dijkhuizen et al., 1997a, Rushton, 2009b).

Risk can also be defined as the probability of achieving an outcome less than the
expected (or desired) outcome. In complex production situations, mathematical decision models
can help us quantitate multiple linked probabilities together to give us a more accurate estimate
of the true risk, thereby reducing at least some of the overall uncertainty in decision making.
The use of a model or some type of simplified mathematical representation of a business
function has probably been used since the middle ages (DeGroot and Schervish, 2014). This is
true in agriculture, whether in farming, dairy, or beef operations.

In veterinary medicine, the outcome of health-related and dairy management decisions
typically has a biological component coupled with the economics of the outcome.

Understanding the multiple variables that go into a decision-making process may be harder in



agriculture than in other fields of business because many of our decisions are based on biological
factors that have inherent biological variation typically absent from manufacturing environments.
Further, measurement errors, sampling errors, or other forms of bias can complicate the decision-
making process. One of the principle jobs of veterinarians in agricultural practices is to provide
information to agricultural owners, the client, in which to make informed decisidaterinary
medicine encouras evidence based medicine (EBM) which can be summarized as locating the
best available evidence, critically appraising the evidence for validity, impact, and appicabilit
and integrating the findings with the clinical need of the client (Slat&Q)20n practical terms,

the clinical needs of the patient in an agricultural environment must include the biological
outcome; further, the uncertainties inhergnboth biological systems and economics must be
formally included. Without these, the veterinarian’s clients are left to using intuition.

Veterinarians, although trained in biological systems, are often less knowledgeable
regarding data analysis and decision making tools. While it is common to use intuition, often
with good results, as valued advisors to the dairies, veterinarians need to help the decision maker
with the analysis of best evidence available. A review of the available tools have been available
and development of new tools can aid practitioners in searching and applying the most curre

analytic methods, thereby fulfilling the concept of EBM.

Purpose

The purpose of this literature review is to review mathematical modelling used to support
decision-making in veterinary medicine. The review will focus on tools described in the
literature for production medicine, primarily in dairy production and from 1970 to present. This
review will categorize and summarize the common models available in the peer-reviewed

literature. First will be a review and critique of the foundatlamodels; subsequently, the



review will describe how these models have developed from foundational to contemporary
models.

The decision tools reviewed in this chapter are forms of mathematical modeling that
originally were developed using hand calculations and slide rulers, but as computer technology
advanced the utilization of computers to rapidly allow alternative variables and their
mathematical relationship of the underlying disease or production system in question to be
analyzed in a much more complex manner (McGrayne, 2QlAjhematical modeling is useful
for the study of complex phenomena, like the population dynamics of infectious agents or
biological process, because models show how separate measurements can be seen as a

manifestation of the same underlying processes (deJong, 1995).

Cost-Benefit Models

Decision tools had a rapid increase in development inntflte1970s and the tools
developed in two primary categories, which were regional or national level models and models
that were applied at the herd- or individual animal-level. The regional or national model
development was driven by animal health and disease eradication such as foot and mouth disease
(FMD) (Ellis and James, 1978) and classical swine fever (Ellis et al., 1977) that impadted he
over a large area and multiple farms where implementation at a national level was needed to fo
success. These researchers adapted and utilized cost-benefit analysis (CBA) developed from
classical economics used in making public policy decisions, and the benefit they bring to the
country or region (Ellis, 1972; James and Ellis, 1978). These models, also often termed benefit-
cost models, were primary deterministic (having only a single input or output value) and were
extremely complex models. For instance, the models were built to evaluate changes in disease

rates, the cost of eradication (Mclnerney, 1991) impacts at the farm, community, regional and



national level (Putt et al., '88), while the benefits that were evaluated were primarily economic.
Additionally, these models have been used to evaluate issues in food safety, nutrition, or food
security (McInerney, 1996). These models continue to be developed today for evaluation of
surveillance and intervention strategies for BSE, FMD, and anthrax, (Verstegen et al., 1998
Tomassen et al., 2002, Kivaria et al., 2007, Rushton, 2009a, Hausermann et al., 2010). The aim
of economic analysis is to indicate whether more or fewer resources should be allocated to
influence the level of disease experienced, in what form, and in which specific combinations. In
short, the purpose is to inform decisions on the management of disease, not simply to document
its frequency of occurrence (Mclnerney et al94)9

All rational decision-making involves an evaluation of relevant pros and cons so that the
logic of making a decision between the benefit derived and the cost of implementing the program
is unarguable. CBA is simply a formalized technique for doing this, assembling a complicated
pattern of positive and negative aspects of a decision, expressing them in monetary units,
summarizing them in two composite values, and then examining the balance between them
(McInerney, 1991). Unlike models that are built around individual animal- or herd-level models,
one of the key distinguishing feature of regional or national cost-benefit madéteir
incorporation of change in supply-demand curves as well as discounted future value calculations
for changes in productivity at the national or regional level which subsequently induces change
in prices or costs at the herd level over time (Dijkhuizen et al., 1995; Rushton, 2009c). While
these complex cost-benefit models are useful decision making tools at the regional or national
level, they are not useful for dag-day decision making on the farm level, the place where field

veterinary practitioners interface with client3his review will focus on the development and



availability of models and papers that specifically address individual animal- or herd-level

decisions.

Models used on Farm

Veterinarians and farm advisors are often called on dairy farm managers (or managers of
other animal agricultural enterprises) on the implementation of herd health or production
practices. The dairy owner/manager has typically operated successfully in the pastigethe
they would not still be in busingseften using intuition without the input of specific decision
modeling tools. These managers have had a long period of trial and error and are often able to
select the optimum use of inputs from information and knowledge from past mistakes and
successes.As dairies (or other enterprises) become larger and more complex, the need for
outside consultants and tools for optimizing decisions and the integration of biological outcomes
with the economic value of these outcomes increases in importance. As dairies grow and
decision inputs change such as new products or disease risk or change in economic markets (i.e.
change in milk price, coupled with larger cow numbpettsese more complex problems lead to
the need for adoption of decision tools (Rushton,2009c). The key portions of the decision
making tools are a consideration of the underlying biological function of the farm process that
are the underlying drivers of the enterprise, the difference in the mean outcome of the proposed
change along with the variance and standard error represented in the literature. These models are
simplified idealized models of a complex world that involve reductionistiney hold several
factors constant and abstract from the real world (Tisdell, 1995). While the simpler the model
the less it can incorporate all the possible complexities, there is a trade-off to the end user either
veterinarian or dairy operator to utilize the model for specific use on an enterprise, targeted to

their unique characteristic variables.



As computers developed in the 1970s, decision models developed by individuals
pioneering these decision analysis tools in all fields. Decision tools such as decision trees,
stochastic analysis, Markov chains and Bayesian analysis were first developed for military use
and paralleled the computer development in the mid-70s (McGrayne, 2011). As the industry
developed these decision tools they were also being adopted with increasing frequency into
parallel business uses, of which agriculture production and business farm enterprise was one

such business application.

Partial Budgets

The first basic model category is the partial budget. The partial budget is a simple
comparison of the current economical state of the production or disease state compared to the
predicted economic state afteproposed intervention. The partial budget is useful as it states
the production question in terms of money. Partial budgets are optimizing models, although the
output does not intuitively tell us where the change from a positive marginal economic input to a
negative marginal input occurs, they do show if the change inisaxisal to or greater than the
increase in profit. Partial budgets eliminate all input variables - such as fixed costs - tiwdt are
part of the decision. While there is no specific time function nor need to define a probability
distribution for input variables, the partial budget is very useful to making a binomial decision
(i.e., should we implement the intervention or notiPyequires a relatively small amount of data
collection and is useful for making changes in the production system that do not involve several
simultaneous changing variables (Rougoor et al., 1994, Dijkhuizen et al., 1995). The simplicity
of partial budgets makes them especially easy to be used on the farm for specific input output
problems (Figure 1.1). The partial budget, while often simple in structure, can be attached to

much more sophisticated models. Rougoor et al. (1994), in her consideration of Caesarean
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sections on dairies, used data from the retention payoff model (RPO) to create a partial budget
for culling animals which uses Markov chain modeling to understand the cost and probabilities
of culling. Because partial budgets involve defining costs of input and value of outputs, these are

inherently built into almost all models other than analytical (inferential) models.

Benefits Costs

(1) Additional returns US$ 25 Returns foregone US$ 30
(heavier weights of calves) (drop in milk production)

(2) Reduced costs USs$ 10 Extra costs US$160
{less feed) (surgery and culling)

Total US$ 35 US$190

Net result (US$35—US$190) US$— 155

Figurell. A partial budget of the economics of caesareaiosdct Frisian dairy cattle adapted from Rougoalgto4.
Number (1) is additional returns realized from tieange, (2) is the reduced costs as a result of the
change, (3) returns foregone as a consequencee afhidinge and (4) extra costs incurred due to the
implementation of the change. The change shouldibgted if the sum of (1) and (2) is greater tha th
of (3) and (4). (A.A. Dijkhuizen, et al., 1995)

Categorization of Mathematical Models
Analytical vs. Theoretical Models.

Many types of models began to develop as computerthair software become more user
friendly. The core features of many later decisiondels were analytical models. Analytical
models are used to develop and characterize therlyimg) process or function and associated
variance as often observed through the use of nmrmmmtrolled experimentation. Analytic models
are built to understand the underlying biologicaidiion and incorporate this biological function
into the model structure. Analytical models are rallyrused as data input into theoretical models,
they would not normally be useful for on farm demisanalysis. One early analytical model that
has - and continues to have - a high impact on f@egision models is the Woods lactation curve
(Wood, 1%7) which described mathematically the shape of tbeti@n curve for the Friesian cow

(Figure1.2). While the analytical model is designed to dbscthe current state of the working
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system, the theoretical model is designed to take thentigtate and compare it to the state after an
intervention has occurred. The theoretical modallze an optimization model that looks for what
point of a series of inputs optimizes or maximigas output, such as maximizing the marginal
profit in a partial budget. A theoretical modehaiso be a simulation model that is not being used
to optimize output, but rather simulates the charnbat occur in various parameters with changes
in arother parameter. There are obviously many overlagisvden the actual models and

descriptions, and many models have simulation ahchation components.
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Figurel.2. Regression curve =56.62 {3%exp(-0.00942 n) fitted to a single Friesian lactation. (Woods, 1967).

Optimization Models

The goal of optimization is to identiftye best outcome from a variety of options. The
assumption made for optimization models is that the desired “optimal state” is known (i.e., it is

one of a fixed set of choices under consideration). The assumption is thdartme
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managers/owner would desire to maximize economic value over a time horizon. This is no
always a valid assumption as other payoffs of value as alternatives to monéguiade
(Dijkhuizen et al., 1997b). Normally these models are discrete in time and detgoek at a
specific event over a specific period.

Decision Tree Analysis. Decision tree analysis is one specific type of theoretical model
that would generally be considered an optimization model. In 1980, the use of decision tree
analysis was described for treatment of ovarian cysts in cattle (White and Erb, 1980). The
question, “At what day post-partum does it become cheaper to treat a cystic cow rather than to
wait for spontaneous recovery” was modeled as a series of decisions, each represented by a node
with a specific decision which each has a probability outcome (Fi8je The decision tree
branches left to right. The branch splits with each branch representing a different possible event
that has a distinct probability. The probability related to each decision is written on the branch,
whichis derived from literature or expert opinion. The point at which decisions branch is called
a chance node and is represented by a circle on the tree. The previously calculated outcomes
(monetary or non-monetary values) are on the right side of the tree. Probabilities of outcomes at
chance nodes are multiplied by outcome values. The total expected value at a chamns¢éheod
sum of these products. This sum is written over the chance node and is circled. A decision can
then be made at the preceding decision node to choose the path with optimum value. One moves
left to right taking the more optimum chance node branch until the outcome value is reached
(White and Erb, 1980). The accuracy of the decision tree rests on the probability assumptions
that the modeler uses in the model. The practitioner can use local costs and values to enhance
the model and also use high and low values in a system of sensitivity analysis to look at what key

probabilities would significantly change the outcome.
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Figure1.3. Decision tree; to treat or not treat cystic ovaries. The circles areechades and the square is an
outcome on the right side of the tree. Probaddliiollowing a chance node follow a chance on the
appropriate branch. The total expected valuechiaace node are the sum of the products, protedbilit
multiplied by the outcome values (Erb and White, 1980)

In 1984, a decision tree model (Madison et al., 1984) was published in which the authors
built a graphical model that contained lines of indifference created for the probability of success
versts the cost of treatment. Using the model the producer or veterinarian could look at the
salvage value of the animal versus the probability of success and cost of treatment and see if an
intervention was warranted. A similar model (Fetrow et al., 1985) was published the following
year for use in salvage decisions that plotted the choice between 2 different interventions, instead
of a single choie. The hyperbole on the chart was the line of indifference between the
interventions. One limitation of the Fetrow model was the decision could only take the form of

two mutually exclusive and exhaustive outcomes, one favorable and one unfavorable. These
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papers introduced an indifference curve into the decision making process for animal disease
interventions graphing the difference in the value of the outcomes and the difference in the
probabilities of the outcomes (Figure 1.4). This uses the probability of a correct outcome against
the difference in the cost of the procedure. If the intercept point is to the left of the curve that
procedure would be favored, if to the right of the curve the alternative intervention would be
favored. If the intervention falls on the line, the producer would be indifferent as to which
procedure is used.

Further expanding the idea of the choice between 2 expected outcomes in a decision tree
developed by Galligan, Marsh, and Madison (Galligan et al., 1987). In this paper, the authors
described how to utilize the standard deviation of the expected outcome to help producers who
may or may not be risk adverse to be able to choose between 2 procedures that have different
risks using the decision tree. Building further on the value of utilizing risk in the decision model,
Galligan, and his co-authors brought portfolio theory into the decision tree model (Galligan et
al., 1991b). Building on a previous model, Galligan and Marsh (1988), describe how they could
use portfolio theory with a decision tree in which the decision involves selection of @&e of
different reproductive programs. Galligan and Marsh adapted this to combinations of
interventions on the dairy because there are typically combinations of intervethains
practitioners can employ on dairieBy using a combination of treating with prostaglandin and
observing for estrus as well as timed artificial inseminatidn, they showed that there was less
risk (lower variance) with a higher expected value than prostaglandin and observation alone and
almost as much expected value with much less risk than timed Al alone (Figure 1.5). Ngategize
developed a model to look at the treatment of cystic follicles using 7 different combinations of

GNRH or HCG combination or no treatment (Ngategize et al., 1987). Another model developed
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Graphic solution for a hypothetical choice between 2 treatments for leflachsp abomasum.
Treatment 1 minus Treatment 2=$100. VF-VV is tifiegence in value for the two outcomes and P1-P2
is the difference in probabilities Point B is mesgensive with higher probability for success. PGilis
less expensive but with lower chance of succesgroducer would be indifferent to which surgery is
used if it falls on the line of indifference (useith permission) (Fetrow et. al, 1985).
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Point B is more optimum because for very little &ddal risk a much better expected value is obthine
(used with permission). (Galligan et al. 1991).

in 2004 evaluated the potential economic benefits of using intermammary antibiotics or an
internal teat sealant at dry-off for herds in the UK (Berry et al., 2004). The use of
computerized decision tree analysis was published by Dorhorst as an aid in regarding
managementecisions for Paratuberculosis (Johne’s) in dairy herds. The program called
Precision Tree, an add on for Excel (Palisade Corporation, Ithaca, NY) allowed them to evaluate
960 different decision permutations (Dorshorst et al., 2006). A different software program called
TreePlan was used in a model to look at treatment and testing alternative options (Pinzon-

Sanchez et al., 2011) which had 144 terminal values evaluated. A New Zealand paper (Reichel
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et al., 2008) was published using TreeAge software for its decision tree to evaluate BVDV

infections and vaccination protocols. While simple in concept, the use of personal computers
have increased the complexity and use of incorporating more decisions into the models than
originally used in the early 198§ facilitating identification of optimal outcomes.

Linear Programing. Linear programing is another type of optimization model that is
specific to the mathematical process for finding the optimal solution. The essential
characteristics of a linear program are (1) there is a function to be maximized or min{@jzed,
there are limited resources that can be used to satisfy the objective and (3) there are several ways
to use resources (Jalvingh et al., 1997). While Jalvingh described the linear models very well
Animal Health Economics, strictly linear models were not used in any published papers. They

were used within sub-models for bigger projects.

Smulation Models

Contrasting with optimization models in which thesean optimum solution given the
objective function with the restrictions, is sinmtida modeling. As in other models, the simulation
model is a mathematical model that can be changechdnipulating a set of predefined input
variables. While being able to demonstrate thecefbf various interactions of parameters,
simulation models can also be used to identifytéeheor even optimal, solution than the present

state, if different interventions were implementdal Animal Health Economics, a seminal book in

veterinary decision-making, Dijkhuizen categorizésautation models into static and dynamic

models. Static models do not contain time as mia; whereas dynamic models do. The key
usefulness of dynamic models is to incorporate @wmea variable, as opposed to a point in time
decisions such as in the decision tree. Most fsystems where models are being applied will

change over time, and these changes influenceiateiaffecting optimization (Dijkhuizen et al.,
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19979. An example might be changing the health of &heperation resulting in fewer heifers
dying and more heifers making it to the fresheninggt In the long run, this might improve the
farm’s income by supplying less expensive replacement animals and superior milk production, but
this effect will not occur for at least 2 yearsgamthe meantime, will cost more money for feed an
housing, while at the same time impacting othestfaof the system which also impact cash flow.
Another category of models that can be both static and dynanilee category of
deterministic versus stochastic models. Deterministic models use and predict a specific point
effect. For example, 70 pounds of milk or 2.2 pounds per day average daily gain or 52 pounds of
dry matter intake. Stochastic models, on the other hand recognize that there is uncertainty
regarding the specific values for all inputs and outputs, which can frequently be represented as
probability distributions with standard deviations. These probability distributions can take
various statistical forms such as triangle, rectangle, normal, log normal, or gamma distributions
for continuous variables or binomial, Poisson, or multinomial for discrete variables. The
simulation model can sample these distributions at each iteration of the simulation model thereby

giving a risk distribution for the outcome parameters from the model.

Dynamic Programming

Dynamic Programing (DP) (versus Linear programiniggsats name from the fact that the
functional equation and its associated computdtitmtainiques are derived from and adapted to
process changing over a discrete or continuousititeesal. The dynamic program is a series of or
sequence of decisions that are made as the ammaistem moves through time (Huirne et al.,
1997). Each “state” has its own mathematical calculation with its objective function that is defined
for each stage and all subsequent stages. If Heguent outcomes are known for certain, this is a

deterministic dynamic model whereas a stochasticrdnprogram uses a probability distribution
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to describe the state. Although linear progranuag be adapted to several time periods by the
addition of a new set of restrictions, reflectihg tonstraints in each time interval (Dreyfu$5@9
limited resources are allocated to various aa#isiti In comparison, dynamic programming
resources are allocated at each of several timedseriln linear programing, the inputs and outputs
of various actives are assumed to be proportian@hé activity. Because dynamic programing
divides activities and resources into smaller timtervals it has the ability to model much larger
and more complex problems than linear programirftge Markov chain would be considered a type
of dynamic program. The Markov chain is a randootess that undergoes transitions from one
state to another state through time. It must @ssseproperty that is usually characterized as
"memorylessness” in which the probability distribotaf the next state depends only on the current
state and not on the sequence of events that medaedThis specific kind of "memorylessness” in
the Markov chain is what defines it from other dymamprograming models
(https://en.wikipedia.org/wiki/Markov_chain).

One early dynamic programing model analyzed a 10 year planning horizon looking at
changes in milk, beef and feed prices, replacement costs, and interest rate fa&s dnhang
profitability on the farm (Stewart and Burnside, 1977). As in the description of dynamic
programing, they divided the multi-stage problem into a series of independently solvable single-
stage problems or state variables that are a set of parameters such as age and production in the
case of the dairy cow that consist of a number of distinct values (Vanarendonk, 1984). They had
2695 state variables over the 10-year planning horizon, which was very large for computers of
that day. Because of the size, they had to condense input. They assumed that all culling
decisions were made at 60 days in milk prior to breeding and they used estimated standardized

305-day milk production for the cumulative production output.
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Dynamic programming was used in a more-narrow sense in several studies wherein
replacement programs for dairies were evaluated; each model was built on some aspect of the
earlier models. Renkema and StelwadgE®9) produced a model of the economic changes for
changing culling rates due to improved overall herd health. Their assumption was that a cow
should be kept in the herd as long as her expected marginal profit is higher than the expected
average profit during replacing young cow’s life. He teamed up with Korver then with an
extended model for looking at culling strategies during the first lactation (KordeRankema,
1979), and then with Dijkuhizen (Dijkhuizen et al.,8® Dijkhuizen et al., 1985b) for a model
that looked at reproductive failure in the dairy herd. Notably, Dijkhuizen (Dijkhuizen et al.,
1985b) modeled the increase in milk production for lengthening lactations for total milk, but also
that this milk was produced at a lower than average milk production féretide This was also
different for each lactation in the herd. This was made in 20-day increments as opposed to
Renkema’s model that made the culling decision once per lactation. In a follow up article using
the same model, the authors looked at how long was it profitable to continue to inseminate a cow
or heifer with poor fertility (Dijkhuizen et al., 1985c). In 1986 Dikhuziend coauthors
developed a similar model for reproduction in swine (Dijkhuizen et é@6)19n this model, they
introduced the concept of the Retention Pay-Off index (RPO). The key idea tehiRBO was
to calculate on an individual sow basis, was it profitable to retain the sow and breggiheor
replace her with an average replacement. They utilized discounting to compensate farethe val
of time as an investment versus replacement. This concept was later used in dairy modsls such a
DC305 for ranking cows using the ECON command for herd management programs.

Other early dynamic programming models were constructed (Vanarendonk, '84) that

incorporated the changes in seasonality in the model. The Dutch dairy farms use grass grazing

21



during specific parts of the year, so the cost structure changes during this time. Calving during
different seasons and the change in labor and feed can have significant changes in the
profitability of the dairy. A subsequent model was developed that was extended to allow
variation in conception. Three alternatives were looked at: inseminating the cow with some
calculated probability of success, leaving her open or replacing her immediately on a monthly
interval from 2 to 7 months. As long as the future value of the cow lactating which depended on
her production and persistency was greater than the value of a replacement animal the decision
was made to keep her in the herd. (Vanarendonk and Dijkhuizen, 1985). This model appears to
have been a very foundational model for reproduction to initially developed many of the ideas

later used to construct the RPO index.

Stochastic Programing

Models incorporating stochastic programing versus deterministic programing utilize the
distributions of possible inputs to incorporate risk or the variance of the parameters into the
model. Utilizing computers to sample from a defined distribution allows the modelers to
determine standard deviations and means of outcomes. Dijkhuizen et al., (1985a) developed
model to stochastically simulate decision models on the farm including reproduction and culling.
Another early model that incorporated stochastic inputs was a Reed-Frost model (Carpenter,
1988) that simulated the spread of a generic virus versus immunity from vaccination. Other
early examples of stochastic models that were used were one for optimizing replacement
selection in dairy herds (Bergner and HubneB1}.9a model to simulate the yield of a dairy cow
(Goodall and Sprevak, 1984), the reproductive performance of the dairy herd (Moranta1985)
model to predict rates and the economics of dairy disease in the herd (Hurd and Kaneene, 1987),

and a model of multiple ovulation and embryo transfer breeding schemes (Jeon et al., 1990).
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Models using Spreadsheets

With the development of more sophisticated spreeeisttapabilities on personal
computers, decision models have been developedtbet closely align with the concept of
onfarm decision tools. Many of the previously déised programs were run on university
main frames using programing language. Using sphesds for model building made
models more easily adaptable for in field usagee Rey example of this was a model that
utilized the concept of RPO originally developed Dykhuizen and Renkema to build a
spreadsheet to make breeding and replacement a@esisn farm (Groenendaal et al.,02]
This model calculated the RPO values, the futukedpction, revenues, and costs of dairy
cows at different levels of milk production withffd@irent numbers of days open. This was
determined, utilizing marginal net revenue insteaddgfiamic programing. The optimum
time for replacement of the dairy cow was determihgy comparison of the marginal net
revenue of the current cow versus the discountddrduannuity anticipated from the
replacement animal. In Groenendaal (Figir@) one can see how the RPO changes both
within the lactation, with the future value jusigrrto calving, and a decrease through around
7 to 9 months post-calving; the future value thesreases as the cow successfully approaches
the next lactation and the probability of cullingcdeases. One can also observe that the
future value decreases as the lactation numbeeases, reflecting the decrease in future
production annuity from the cow. If a cow wouldlfea become pregnant, the RPO curve
would continue downward, eventually becoming a nggatalue. Another benefit of the
model is the ability to calculate the cost of dapen compared to replacing or not replacing

the cow.
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Figurel.6. Retention pay-off (RPO) values for different milkoguction levels (relative to the herd average milk
production) for cows with an average 15 month cgimterval. (Vetical lines indicate the calving event;
a successful breeding occurs 9 month before) (ugbgermission) (Groenendaal et al., 2004).

Spreadsheet and HTML Partial Budget Type I nteractive Decision Tools

Many tools are available that target decision maldreps of dairy production and dairy
veterinary production consulting. The Universitydisconsin Dairy Management Department has
several tools available on line for download, deplivith a variety of production decisions. Some
of these tools are the Optigen Evaluator (Inostretzal., 209), a replacement cow model that
examines the future economic value of a cow (Cabrel@)dgGhe value of sexed semen for heifers
(Cabrera, 2009 ) and a retention pay-off modelroex@el spreadsheet (Shahinfar et all,420

There are many other decision making tools and papers listed on the University of
Wisconsin websiteHttp://dairymgt.info/tools.php along with associated papers for most of the
models. A listing of some of these models are, Income over Feed Costs, Dairy Ration Break
Even Analysis, Heifer Pregnancy Rate, Cost-Benefit of Accelerated Liquid Feeding Programs

for Dairy Heifers, Heifer Break-even, Herd Structure Simulation, Exploring Timing of
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Pregnancy Impact on Income Over Feed Cost, Dairy Reproductive Economic Analysis, The
Economic Value of a Dairy Cow, Value of a Springer, LGM-Dairy Analyzer, Working Gapita
Decision Support Tool, Decision support System Program for Dairy Production and Expansion,
and many more tools. Of note in a more tradition model, Cabrera published a Markov linear
program to optimizing replacement animals (Cabrera, 2010b) and along with Kalantari added
stochastic analysis (Kalantari and Cabreral52Go the dynamic programing Markov chain
model to look at changes in economics due to changing 21 day pregnancy rates.

Other recent decision models that have been pebligince 2006 that are relevant to
production medicine are a DP model for understantiow the value of a pregnancy depends on
lactation number, milk yield, persistency of laiclf prices, breeding and preplacement decisions
(de Vries, 206). The purpose of this model was to maximize tteditpper slot per year with the
cow that is currently being milked versus a possiblelacement animal. The model had 3 different
modules: the first module that was used to calewdatv performance data; second, an optimization
module that used dynamic programing to determinaitgngor the replacement program for
individual cows; and third, a Markov chain moduwecglculate data for monthly subgroups of cows.
The key idea of this program was to make cullingetsntion decisions, e.g. if the Retention Pay Off
of the current cow is less than zero, then herisldte herd should be replaced with a replacement
heifer. “The RPO is the discounted future cash flow from trying to keep the cow until the optimal
time to cull her and her future replacement heifaisus the discounted future cabw from
immediately culling the cow and her future replacement heifers” (de Vries,2006). de Vries found
that the value of the pregnhancy depended largeth@shape of the lactation curve used to predict
future milk production for the cow (Figute7). The cost of losing the pregnancy increased with

things that would have made the lactation more alidu such as length of gestation, increased
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persistency, and increased probability of gettingmmag Decreasing the purchase price for a heifer

used to replace the cow greatly decreased the obthe pregnancy.
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Figurel.7. Retention payoffs (RPO) (X) for a non-pregnant ¢6jvand a cow that became pregnant on d 61 after
calving (*) by day after calving. Cows are in their first lactation with eage lactation curves. Value of
pregnancy is equal to the difference between the &Rk pregnant and non-pregnant cow on the same
days after calving because both RPO are greatefthéde Vries, 208).

Within the de Vries model, there is considerable opportunity for consideration of variance
around the “getting pregnant” factors. One model (Giordano et al., 2011) that was produced
looked at the partial budget values and the sensitivities associated faitin using only estrus
detection, timed Al and a combination of timed Al and estrus detection. This model was
developed using a Markov chain simulation deterministic model with partial bud¢etoigain
the net present value per cow per year of the different models. This author found that both timed
Al programs were superior to estrus detection using values obtained from some representative
Wisconsin herds. The 100% timed Al program with a 1% increase in conception rate was

superior to a less expensive program with shorter interbreeding intervals. This deewbhetrat
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this model could be used for making targeted changes on the herd. Contrasting to the Giordano
study, Galvao developed a model (Galvao et al., 2013) using stochastic dyviamé:Carlo
simulation to look at these same reproduction programs. This model compared thei@conom
outcome of reproductive programs using estrus detection, timed artificial insemirgtjoor @
combination of both at high and low estrus detectiBD)(levels as well as different Al
compliance levels for injections of drugs to synchronize the cowlfoin contrast to Giordano’s

model, this model found high accuracy of heat detection to result in moreapoeges than
programs that had low compliance for injecting cows for Al synchronization, demonstrating that
the variability of the underlying parameters is a valuable tool with in modelslhas the model
outcome is sensitive to the absolute values of the underlying model as in high and low ED.
Galvao’s group only used stochastic modeling for the animal’s estrus, but used deterministic

values for all the underlying subgroups losing much of the value of the stochastic modeling to

incorporate variance that would expect to be seen on the dairy.

Typeland Type2 Models

One of the most interesting models for aiding iciglen-making on the dairy is one that
places more emphasis in incorporating the underlyariation of the biological response along with
our inability to know the true outcomes of reseanaibiological responses. These are the modéls tha
incorporate analysis of both the cost to the dairfype 1 and Type 2 errors calculated from the
statistical model. A Type 1 error would be wheamr@ducer decided to use an intervention and found
out he had made a mistake and his returns werallgddelow breakeven. A Type 2 error would be
when a producer decided not to implement a proposecyention when doing so would have made
him an above breakeven return on his investmemte $dch model examined the value of accurate

estrus detection (Williamson, 19. Williamson observed that the mean intervahmrnodel of time
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from calving to conception that a change in het&daien might influence is actually a sample of
observations from a normally distributed variable withua mean and a standard deviation. Because
the true mean is unknown, there is inherent eaganding the observed (estimated) value. Each of
the resultant outcomes has a cost or profit totliieome based on frequency of the outcome. The
experimental mean in his study was 99.4 days omterval. The true breakeven for using the KMar
Heat Mount detector (KMAR Inc., Steam Boat Sprir@®) intervention (a pressure-activated marker
for the backs of cows to visibly show the cow wasunted by another cow indicating estrus) was
1022 days, using the dairy-specific value for reductd calving interval. The risk of erroneously
concluding the outcome is less than 102.2 days vithems really greater than that based on the
sample mean (Type 1 erram), conversely, concluding the true mean is grehter 102.2 days when

it was really less. The resultant cost of thisonte, can be plotted in a risk graph which shows th
economic cost of the Type 1 and Type 2 error (leig8). Galligan et al., 9913 published a model
similar to Williamson where he described a morefulsaethod for incorporating many of the
concepts of the previous paper, but in a model that couldedemsre easily. In the Galligan Type 1

- Type 2 model, the authors summarized the mearvamahce for the increase in milk production
versus the cost of the product from 16 publishegersga regarding decision for use of bovine
somatotropin. Another option in the model was masieg 12 papers that modeled the value of
feeding bicarb in the ration for increased milkdurction. Their model produce the same type of risk
curves as Williamson (Figure9). Galligan then built a stand-alone model tlwatldt be run on a
personal computer or on a web based program utilizing tleejetanin his paper that allowed users to
input different interventions. The inputs requiveere means and variances from random controlled
trials of the intervention that was being questibnd his program and other useful tools to aid in

decisionmaking are available on Galligan’s website (http://dgalligan.com/; (Galligan,2@8).
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Risk curves show the expected opportunity costs of Type 1 goel Zerrors for the decision to use
K-Mar heat detectors in a specific farm (Williamson, 1975).
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Figure1.9. Risk curves show the expected opportunity costs of Type 1 apel Zerrors for the use BiCarb or
the use of Bovine Somatotropin from a literature review with multiple tfalsed with permission(
D. T. Galligan, et al., 1991).
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A further development of using the Type 1 and 2 statistical definition to bring clarity to
decision making at the farm level was brought forth by Overton, wherein he utilized stochastic
inputs from a commercial Monte Carlo simulation program called @Risk (Overton 2006). The
author evaluated a simulated farm that used timed Al vs. a simulated farm that used visual estrus
detection program and that had a pregnancy RR3 ¢f 16%. The PR used is a calculation of
the cows that became pregnant divided by the cows that were at risk of becoming pregnant
during each 21 day period after the cow passes the voluntary wait period for breeding to
commence. The farms PR is the average for all cows available for each 21 day pexia@ for
month period. Overton simulated input distributions for the Al compliance along with milk
price, milk production, and replacement costs. The risk curve output from the Monte Carlo
simulation is the result of the computer sampling each distribution as it calculates the partial
budget for the change due to the Al intervention. The output reports showed in this simulation
there was an 8.6 % chance of the intervention being below break-even and cgrav&kdlo
chance that a profit would result from this intervention with utilizing this set of variance and cost
structure. The difference in this case is the realization in the model that the amount of money
lost if Al had been used when it should not have been, (Type 1 error) is not a single deterministic
number. Instead, the loss might have been barely below break-even, perhaps just losing $0.05
per/cow/d. Within the distribution curve, this has a frequency. Conversely, the Al intervention
might have lost $1.00 per cow which is less likely in the simulation than losing $0.05 per cow.
This also has a frequency in the distribution. Conversely, the Al intervention might have lost
$20 per cow. This is not very likely and occupies a point on the frequency distribution far to the
left tail. Through repeated sampling, a frequency distribution is obtained, and this frequency

distribution can be broken down into very small segments with each segment of frequency
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multiplied by the amount lost at this frequency. If the categories are broken down into a@ infinit
number of categories, the loss becomes a continuous function. All of these frequencies
multiplied by the cost of the Type 1 intervention can be added together to account for the total
estimated cost for the Type 1 error. The same process can be used for the Tgpettzeehi
intervention is not used, when it should have been because mistakenly it is assumed it is of no
benefit. This would be the case if the producer was afraid of causing a Type 1 error.thgain,

lost income from not using Al is multiplied times the frequency from the sample of the
hypothetical population. This lost income (income that wasn’t earned) might have been only

$0.05. This would be a fairly high frequency because there is higher probability the Al
intervention was effective but not greatly effective. Conversely the lost income opportunity
might have been $60 per cow, although this is fairly unlikely and occupies a point far to the
right-hand tail of the Gaussian distribution curve. Again, as in the Type 1 error calculation, each
lost income (cost) amount is multiplied by the frequency this is simulated to occur at, and all the
frequency X costs are added up to come up with a total cost of a Type 2 error. These
distributions are possible because the outcome is a sample of an unknown population with an
unknown true mean, but possessing a set standard deviation based on primary research. If this
calculation was made after the program had been used and measured on the farm, we would have

known the true mean and the true net profit (Figure 1.10).

Value of I nformation VOI

Potentially a new area of analysis that has been developing in the human medical
literature since the early 1990s is the area of Value Of Information)({¥kota and
Thompson, 2004). This field is directed at the amount of uncertainty in the current research

around a specific intervention (drug or practice) and then evaluated for the cost of gathering
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Figure 1.10. Fitted area curve of modeled economic returns and thedwelpoint for timed artificial insemination
(TAI) as compared to an estrus detection-based @mogvith a 16% baseline pregnancy rate (Overton,
M.W, 2006).

more information to reduce the uncertainty versus the value or utility of the intervention or
practice. The focus on the VOI models targets a theoretical perfect information in which no
uncertainty exists. The value of making a decision based on having no uncertainty is called the
Expected Value of Perfect Information (EVPI). EPVI can be calculated by having the outcome
of the model under uncertainty or under prior knowledge in a Bayesian statistical model
subtracted from the value of the decision under no uncertainty. In some cases, resolving
uncertainty before making decisions might have little value to the outcome, while at other times
resolving the uncertainty with further information might provide great value that is not
intuitively obvious. VOI provides guidance on how decision makers might reduce uncertainty

before selecting a course of action (Keisler et al., 2014 ) The outcomes of the uncentab@y ca
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plotted as Overton (Overton, 2006) and Galligan (Galligan et al., 1987) did in their models of
uncertainty versus the economic outcomes discussed above and then be plotted into efficient
frontiers for the values and compared for the best expected utility given the cost of obtaining
more information (Eckermann et al., 2010). An early paper in which the author compared the
bidding for a construction job and the value in obtaining the bid or losing the bid with and
without “clairvoyance” or perfect knowledge of the other firms bid, demonstrated a method for
putting a subjective value for improving the knowledge of the outcome or reducing uncertainty
by decreasing the uncertainty in bidding for the job (Howard, 1966). His goal was to maximize
the expected value of his companies profit or value from a contract. He felt that only when one
knows what it is worth to reduce uncertainty do we have a basis for allocating resources in
experimentation designed to reduce the uncertainty. While this methodology is increasingly
being used in human medicine, the value or utility of the benefit of additional information is
difficult to assess. For example what is the value of decreasing gastro-oesophageal reflux
disease (GERD) (Eckermann et al., 'd®)Alzheimer’s disease (Karl Claxton, 2001) in human
patients? In contrast to human medicine, in food animal medicine, because the cost of
intervention is already taken into account in our decision models, the value of additional
information could be readily applied. A literature search in dairy and beef found only one
manuscript utilizing VOI currently in these fields (Cox et al., 2005). This model was developed
to describe the value of further testing on the US cattle herd to find cases of bovine spongiform
encephalitis (BSE) versus the potential lost income from market loss if additional BSE cases
were found in the US. Based on the rise in published models that utilized VOI from 11 between
1990 to 92 up to over 65 in 2008-10 (Keisler et al., 2014 ), it would be expected to see more of

these models being developed in animal agriculture in the future.
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Summary

Decision analysis is greatly aided by the use of quantitative models that explore the cost-benefit
and probabilistic outcomes of decisioraking. Prior to the early 1970’s there were few models

built to explore decisions regarding agriculture. As computers became more accessible, many
models were developed. Pioneer developers such as Van Arendonk, Renkema, Dijkhuizen and
Galligan along with others originated many of the early models and set the stage for most of the
modeling that is being explored todajany of the early models used rather simplistic, albeit
useful partial budgets and decision trees. However, more complex models using dynamic
models, Markov chains or linear programing were also among the earliest models. Recent
published models have included greater sophistication and complexity, but primarily build on the
early models and use the same underlying concepts. The newest group of models built using
spreadsheets are gaining in popularity. While these newer models have become increasingly
refined and focus on more specific and precise questions, they are more accessible to the
decision-makers, as the inputs can be used at the farm level. Additionally, the most recent
advancements have benefited from off-the-shelf stochastic programs that aid the decision makers
in considering uncertainty and variances that are a key to the inputs and outputs of intervention
guestions. New stochastic methods incorporating VOI models are incrdgsbeing used in

human medicine and other industrial fields and are just now beginning to be used to reduce

uncertainty in applying economically justified research in animal agriculture.
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CHAPTER 2

OBSERVATIONAL LONGITUDINAL STUDY OF
FEED ADDITIVES AS RISK FACTORS FOR HERD DIARRHEA

INCIDENTS ON US DAIRY FARMS

Chapter 2 Executive Summary

As measures are enactedreduce antimicrobial use agriculture, finding management,
feeding practices, and feedstuffs that could decrease diarrhea on dairy farms wafube: foefit
to animal and human health. Due to the difficulty in performing randomized controlled trials
with to test different treatment exposure is difficult in the commercial herd setting, utéiing
observational study design technique rbay valuable mean®s study diarrhea on commercial
dairies. A longitudinal observational study was conducted to assess the incideof rate
undifferentiated diarrhea evenitsy month on the farm and study the impact of exposure to
different direct fed microbial dietary additives and also to assess the impact of different common
farm management practices, and farm design to impact the incidence rate of diarrheal disease.
The study design was stratifidaly region, to target 150 farmsn 10 different regions that
correspondetb somewhat distinct management and environmental examplesregions were
East, East Plains, Mid-West, Northern California, Northwest, Plains, Southern California, the
Southeast, the Southwest, and Wisconsin. A cross sectional survey instrument was administered
to collect data relating to disease incident risk factors. Only 76 farms completed both the
surveys and supplied electronic backups that provided information on incidents of diarrhea
recordedin the herd records system. Sixty-nine farms either did not provide electronic dairy

records with the survey, or there was no evidence they electronically recorded diarritea eve
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The remaining 76 herds were analyzed for risk factors for incident of diarrhea using Proc
Glimmix in SAS (version 9.4, SAS Institute., Cary, NC), ba#fa Poisson distribution arasa
negative binomial distribution. The final multivariable negative binomial included a yeast
culture fermentation product ddaccharomyces cerevisiae, whether the farm vaccinated for
BVD, and whether the herd was locatedhe Eastern or Western US. Feeding yeast culture had
anIncident Risk RatiolR) of 0.707 P = 0.043,Cl = 0.505, 0.989). Having a herdthe eastern

US was associated withn increasedR 2.036 @ = 0.066,CI = 0.953, 4.39). Vaccinating the
herd with a BVD vaccine was associated with a decred®ed 0.213 P = 0.186,CI = 0.022,
2.111). The study shows thasea small association with feeding a yeast culture based additive
and lower incidence of diarrhea on farms. This association although @gltrease of 2 cases

per 1000 cows per month), indicates that further research gb@atshductedn this area.

I ntroduction

Similarto many other animal-based agricultural units, a common problem affecting dairy
herdsis diarrhea. There are few studies of diarrheal disease published where treatment exposure
for diarrhea occurrence was a primary outcome of interest in adult dairy cattle. Some of the
reasons for this is the relatively low prevalence of acute diarrheal disease (less than 14 days
duration) in experimental herd settings, making random control trials difficult. The other issue
making experimental settings difficult is there are a variety of etiologic causes that cam lead
symptomatic diarrhe@n the adult dairy cow of lactating age. Some of these causes are viral
(Houe 2003) or bacterial infection (Nielsen 2013), feeding spoiled feed, mycotoxims feed
(Whitlow and Hagler 2008), aanimbalancan the ration (rapidly fermenting starch or tiatle
effective fiber) (Plaizieret al. 2008, Dijkstraet al. 2012). In the National Animal Health

Monitoring Survey conducted in 2007, herd owners were reported as providing information that
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35.7% of the dairies had experienced cases of diarrheal disease (lasting longer than 48 hour
duration) in their dairy herd and that it affected approximately 2.5% of cows over the course of a
year. (NAHMS, 2007). Many herd-level risk factors have been identified that are correlated with
diagnostic testing for a bacterial caudediarrheain cattle of all ages, of whicBalmonella is

high on the rule-out list for causative factors (Fossiat. 2005), (Loneragagt al. 2012). In the
authors experience, diagnostic testitg confirm Salmonella spp.as well as other potentially
infectious agentasthe causef diarrhea maye conducted inconsistently. Many dairies have
treatment protocols for managing diarrheal diseasealvesas well as adult cattle, and some
protocols include the use of antimicrobial drugs. However, with increasing concerns over
antimicrobial resistance, alternative methods should be consideréckat and/or prevent
diarrheain dairy cattle. One alternative method that has begun to be used more frequently is the
use of direct fed microbial product®EM) which we will group under this title for both
bacterial derived as well as yeast derived products.

Direct fed microbial products@often addedo dairy rations both adult and young stock
asanintervention intendetb reduce the incidence and sevenfydiarrheal disease (McAllister
etal. 2011), although scientific support for this practgsparse. In one study calves that were
fed a particular DFMn a Salmonella challenge study had a redudtiomortality and diarrhea
(Breweret al., ‘2014), but therés little published data for adult dairy cows regarding its impact
on diarrheal incidence.

Direct fed microbials may be composed of bacteria or products of bacterial geswth,
well aslive yeasts, yeast cultures and yeast cell wall extracts (Brevedr 2014,Di Franciaet
al. 2008, Seet al. 2010). The use of certain DFM on faisrpurportedto positively influence

the microbial environment of the gastrointestinal tract and/or the immune system of dairy cattle.
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Because the etiologpf diarrheain dairy cattleis not consistently determined, treatment
protocols for diarrhea differ among farms, and because different dairy farmers may tthoose
add DFMto rations for different reasons, developing and conducting well-controlled prospective
experiments on the effect of DFM on the incidence and severity of naturally-occurring aiarrhe
would be difficult on commercial dairiedn addition, misclassification of diarrheal disease by
farm workers and lack of diagnostics due to the expense of using laboratory testing to confirm a
specific case definition for diarrheal disease, makes ascertaining both the incidence and therefore
the treatment effect very difficult.

Epidemiologic principles usingn observational longitudinal design have been used
human public healtho ascertain risk factors that impact the frequenfymany diseases
(Mahmoodet al. 2014). Applying the use @in observational longitudinal study for diarrheal
disease may enable detection of changedbe incidence rate of diarrheal disease among dairy
farms that do or do not include DFM the ration. Thereforean observational longitudinal
study was conductetd determindf the use of DFM in the feed rations was associated with the

incidence of undifferentiated diarrheal disease in adult dairy cows in US dairy farms.

Materials and Methods
Overview

A longitudinal observational study was conducted on herds enrolled from a listframe.
The farms were stratified by geographical region, emdlomly selected from the list using a
randomized number generated in a spreadsheet and assigned to each herd. The hbets were
listed in order by randomized number and the first 30 herds selected. Herd management was
characterized by an interview using a standardized questionnaire. Recorded diarrheal disease

occurrence was collected from an on-farm computerized commercial management software
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program (DC305, PCDart, DHI Provo) for two different time windows, retrospectively for
twelve months prior to the interview and then for six months following the initial interview. The
population of cows at risk for each month was obtained from the herd management software, and
the adjusted incident rates were estimated using negative binomial regression and compared

among cattle exposed to different DFM products.

Sudy Population

The list frame of herds eligible for inclusion in the study was obtained frorC i
(Customer Relations Management Software, Microsoft) database estaldiglgidmond V
(Cedar Rapids, IA). The database was developed from the list of all daigash state with
grade Amilk permits. It was a large comprehensive database of a majority of the dairyiherds
the US. All herdsn the database with greater than 500 cows were includéte initial list
frame for randomization. The sample size of 150 dairies each accounting for 12 months of cows
at risk assuming 50% of the farms were exposed to the DFM of interest resulting in a change of
incidence rate of 2% to 1% or a 50% change due to the exposure of interest was thought to be a
meaningful biological and economic change to the dairy and to achieve statistical significance
with the associated variability in the population. The population was stratified into ten regions
based on perceived regional differences in management style and production strategies. The list
frame consisted of the following regional strata: Northern California, (Fresno area north (North
of Hwy 180)), Southern California, (Fresno area South of Hwy),1B@ Pacific-Northwest,
(Washington, Oregon, Idaho, Utah), Southwest (New Mexico, Texas, Arizona), East Plains,
(lowa, Minnesota, North and South Dakota), Plains (Colorado, Kansas, Oklahoma), East (all
states easvf Ohio and north of Georgia), Southeast, (Florida, Georgia, Alabama, Tennessee,

Kentucky, Mississippi), Midwest, (Michigan, Ohio, Indiana, lllinois, Missouri), and Wisconsin
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with a target of enroliment of 15 herds fraachregion. The herds within each cluster were
randomly chosen by electronic randomization and listed in order.

A cross-sectional survey instrument was reviewed and approved by the Colorado State
University Institutional Review Board. The survey instrument was tested on a smgll of
nine farms and changes were made to improve the clarity. The first 36 herds stralm were
sent a letter from Colorado State University asking for their participation isuhwey. The
Diamond V Mills technical sales staff was trained to administer a survey instrument (Appendix B)
in April 2013. Farm enrollment occurred from June 2013 to August 2013, witloadsesit to
the dairy scheduled to occur between January 2014 and March 2014, but not less than 6 months
between visitgo collect the prospective 6 months’ data. Each farm was visited by one of the
technical sales team members from Diamond V within two months starting in June 2013 and
asked to participate in the survey. Enrollment was to continue until 15 herds fromegamn
agreed to participate.The survey was conducted verbally with the owner or herdsman. The
surveyor made a determination of who the appropriate person was on the farm with sufficient
knowledge to answer the questions. A copy of the data recorded in the electronic recording
system was obtained at the time of the survey on a USB stick and transfermshtablocation
for analysis.

During the survey visit, first, the owner or herdsman was asked questions that qualified
the herdas meeting the criteria for the survey and the study goals and methods were explained.
If the dairy did not meet the criteria, the interviewer did not collect electronic health event
information. To be includedin the study, the farm must have used eitd€rDart, DC305, or
DHI-Provo as their management softwagg the time of enrollment. Health events must have

been recorded electronically with the recording of some event for diarrhea incidénne.
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diarrhea designations were recorded, the farm was asked and the farm had to agee
recording diarrhea health events up until the next set of records was obtdiheddairy
herdsman, owner, or dairy nutritionist must have been tabseiccessful recalf and when a

DFM was fedto the herd regime. A DFM was only designatetiaving been fed greater than

half the milking cows were being fed the DMF on a continual baignly the dry cowsor
cowsin the fresh pen were fed the additive, the additive was coasteat being fedat the herd

level. If the farm representative declined to participate in the survey and data collection, or the
farm did not meet the criteria, the interviewer moved to the next farm on the random herd list
and continued to recruit farms until 15 herds were enrolled in a region or the list for the region
was exhausted, i.e. no further herds were available from the list frame for that region. The
enrolled farm was revisited pick up another record backup 6 months after the first visit which
would provide a total of 18 months of health eventstmhfarm.

The purpose of the management questionnaire (cross sectional survey) was primarily to
characterize the exposure information on DFM products used. The secondary gdal was
characterize factors that could affect diarrheal disease occurrence, or couldsetlsarve as
confounding factors in diarrheal disease incident rate. The DFM categorical variakhidsdrin
the questionnaire werBaccharomyces cerevisiae fermentation products, (SCFP, Diamond V,
Cedar Rapids, 1A), Bovamine, (division of Chr. Hansen Holding A/S, Demark), Cetm@men
and Hammer Animal Nutrition, Princeton, New Jersey), Amax, (Arm and Hammer Animal
Nutrition, Princeton, New Jersey), Amaferm (Biozyme Inc., St. Joseph, MO), OmriRieltoy ¢
Animal Health Corporation, Teaneck, NJ), and any active dry y&d3t), or other DFM
products. Other categorical variables captured in the survey included breed, §teinHdérsey

or other breeds), type of facility, (dry lot, traditional free stall barn, cross venitatedel
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ventilated, Saudi style barns or tie stall barn), type of milking parlor, (rotary, parallel, berreng
parlor), and diet type, (TMR or grazing), (there were no grazing dairiBis¢ survey included
guestions to determine what vaccinations were given (yes or no) to the cows that rdightadea
difference in diarrhea rates. These included vaccinations for Bovine Viral DiafBhda) (any

brand of vaccine that include BVD$lmonella Newport Bacterial Extract SRP CattleVaccine,
(SRP) (Zoetis Animal Health, Parsippany, NJ), Enviracor J-5 E. Coli BacteritieCzaccine,

(J5) (Zoetis Animal Health, Parsippany, NJ), Endovac-Bovi, (IMMVAC, Columbia MO), any
autogenous vaccine fogalmonella or Escherichia coli, or the use of Rumensin, (Elanco,
Greenfield, ID). The type of DFM fed on the farm along with the dates the farm started and
stopped feeding the DFM were documented and included in the andfyis. DFM being fed

was changed, or if the farm started feeding a DFM during the months for which the haaih eve
were obtained, recorded health events were not used in the study for a period of rouredd

to the nearest month after the change was initiated. If the farm stopped feéedibdM,
recorded health events were also not included in the month the changeng teedtiplace. For

the farm to be considered as feeding a DFM, more than 50% of the herd had to be fed the additive

for a minimum of one month (30 consecutive days) prior to the date of enrollment

Analysis

The case definibn was undifferentiated diarrhea severe enough to be recorded in the
electronic data base. The assumption was that severe diarrhea would be moved to a hospital pen
for treatment and therefore be recorded for move and treatment. The data regarding farm
management and diarrheal diseases were collated into single database and descriptive statistics
were analyzed. The data were analyzed at the herd level, with outcome, population at risk, and

exposures quantified for each month that herds provided data. Associations between monthly
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diarrheal disease occurrence and exposures that may have affected disease incidence were
analyzed using a mixed linear model (Dohoo, Martin, and Stryhn 2009a). The model was built
using Proc Glimmix of SAS (Version 9.4, SAS Institute, Cary, NC, 2002-2012) with both a
Poisson and negative binomial link function. If the dispersion parameter generated from the
Poisson regression was different from 1.0, indicating there was significant over dispersion, then
the negative binomial model was used. The outcome variable for these models was the count of
reported diarrheal disease occurrence per month on a farm; the offset was the natural log of the
herd population count for the same month. Farm was analyzed as a random intercept, and data
for different months were specified as a repeated measure for each farm. The primary exposure
variable of interest was exposure to different DFM products. Each product was specified as a
different binary (yes/no) variable. Region was analyzed as a single fixed effect variable with 10
categories, and also as a binary (East/West) variable. Month was aredgzedltivariable

model witheachmonth separately and then collapsed into Qua@Qérs January, February,

March,Q2 = April May JuneQ3 = July, August, September, aQd = October, November,
December)to seeif Quarters were significant determinant of a chandgeequencyof diarrhea.
Exposure to the nine vaccines of interest were analyzed as separate binary (yes/no) variables.
Breed was analyzed as two binary (yes/no) variables, one for Holsteins, and another for Jerseys;
there were no other breeds represented in the study population. Facility type was analyzed as
two binary variables for farms that were constructed with dry lots (yes/no) and those with free
stalls (yes/no). Other management/construction features were also analyzed as binary variables
for rotary milking parlors (yes/no), parallel parlors (yes/no), herringbone parlors (yes/no), tunnel
ventilated barns, and cross-ventilated barns (yes/no). Each of these exposure variables was used

to create a univariable model. Variables thatBadlues < 0.2 were included in multivariable
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model development, and backward selection was used to remove variables until all variables
included in the final multivariable model using a critical alpha for retention of 0.1. Region was
analyzed as a binary (East/West) variable for multivariable model building. Variables that were
removed during multivariable model building were reintroduced singly into the final model to
identify potential confounding; variables demonstrating substantial confounding were evaluated
to determine an appropriate method for modelling or removed (Dohoo, Martin, and Stryhn
2009b).

If the farms failedo have diarrhean their events health table, the farm records were
analyzedo find if diarrhea events were recorded under other variablesasifsisours. Many
farms did have diarrhea recorded under different names commentsin the tables. These
were manually extracted for each of the faamecords and codexbdiarrhean the databaself
the computer records contained recordsioieast 1 diarrhea events for the farm, the months
following the diarrhea event were includedthe analysis eveih there were zero (0) incidents
for subsequent morgh

The Incidence Rate RatidR) was calculated from the parameter estimate in the
GLIMMIX model by taking the anti-log of the 2 Res Log Pseudo Likelihood estimate bases
herd with the reference values was calculated from the antilog of the intercepti@uityjp1000
to calculate the estimated incident rate of diarrheal disease per 1000 cows per Tinenéffect
of the exposure variable on the incident rate was calculated by multiplyintRtloé that
parameter times thd of the base herd (the intercept parameter). The change in incidenee is th

difference in these values.
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Results

One hundred and forty-five dairies agreed in the stu@y.the 145 dairies, 69 herds
either did not record diarrhea incidents on their farm or reftsguovide the dairy records.
Only 76 of the dairies provided dairy records that contained diarrhea eveatdefast 1 month
in which there was a recorded diarrhea event.

The strata for the regions did not ocasroriginally planned. The original plan was
include data fronl5 of the 36 herds approached &achregion. However, 8 of the regions still
did not achievd5 herds that agredd participate or qualifietb participate prioto exhausting all
of the herds for that region in the listframe. Two of the regions, the Southwest and tRiBast
were able to collect more than the first 15 hendshe list. Due to the lack of resporisesome
regions, the extra records from the regions with extra responses weia tleednalysis (Table
2.1). Region was analyzed as a multivariable regression using all 10 segigressed against
diarrheal events. Although there were more farms umsedme regions than others, there was no

effect of region with East Plains being the low&s&(0.19) for the outcome diarrhea events.
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Table2.1. Dairy farms responding tacross sectional survey for the impact of Direct Fed Microbials on iriciden
of diarrhea, stratified by region. For each dairy with a response to mheysthis table shows which
ones provided any diarrhea information and of the farms that prowiftechation, how many months
of data were included.

Region? No Diarrhea? Diarrhea® Months of Data
East 24 3 23
East Plains 6 28 410
Mid-West 4 8 98
N. California 16 4 54
Northwest 1 4 61
Plains 4 3 39
S. California 2 1 14
Southeast 1 0 0
Southwest 8 24 302
Wisconsin 3 1 10
Grand Total 69 76 1019

1 Regions for East = MD, ME NC, NH, NY, PA, SC, VA, VT. East Plains =N\, NE, SD. Mid-West = IL, IN,
MI, MN, MO, ND, OH. N. California = Fresno addresses north. Northwest OB, UT, WA. Plains = CO,
KS, OK, WY. S. California = addresses S of Fresno. Southeast = AL, FL, GAMKYTN. Southwest = AZ,
NM, NV, TX. Wisconsin = Wisconsin.

2 Number of dairies by region that responded to the survey but thddekad any information in the herd record
data set that indicated they recorded diarrhea in any form.

3 Number of dairies by region that responded to the survey questionadhatdords of diarrhea incident recorded
for at least 1 month.

4 Months of incident rate data for each region that contributed informafidve monthly data was a repeated
measure in the analysis.

The average size of the dairies participating in théystvas 2,886, with the smallest dairy
having 510 cows in the herd and the largest dairy 12,291 cows (TAplerRe numbeof months
of recorded data was very variable daesome farms only providing the previoll2 monthsof
records andhot records during the followyp visit (the additional 6 months). Some of the farms
were new startps and didnot have1l2 monthsof data. Also, some farms started using a new

record keeping system within the year previtmthe initial surveyor did not record diarrhea for
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the entirel2 to 18 month study period.In addition, mt all the surveys had complete sefs
information for each data point. Surprisingly, many faimaécated they fed more than one DFM
at the samdime (Table 2.3. In the statistical analysis, each predictor variable was zawhs a
separate variabli the univariable analysisNo interactions for the different combinations were
analyzed because there were insufficient numtfeisee combinationsf additives.

The dataset was analyzed batk a Poisson distribution ands a negative binomial
distribution. The negative binomial distribution was uasd better model fit based on the -2 Res
Log Pseudo-Likelihood fit of 2870.0 versus 4492.64, and a generalized Che&juzose to 1

(1.13).

Table2.2 Herd size statistics for herds responding to cross sectional survégrgitudinal study of the impact
of DFM on diarrheal incident in 2013.

Number of Dairy Cows

Min 510

Max 12,291
25th Q 1,275
50th Q 2,245
75th Q 3,897
Average 2,886
Median 2,245

Table2.3 Number of farms with individual categories of variables franoss sectional survey and longitudinal
study of the impact of different DFM and their impact on dieal disease in dairy herds in the US in

2013.
Number of Farmst % of Farms
Breed
Holstein 68 89.5%
Jersey 12 15.8%
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Number of Farmst % of Farms

Housing Type
DryLot no freestalls 18 23.7%
Conventional Freestall 49 64.5%
Cross Ventilated 8 10.5%
Tunnel Ventilated 3 3.9%
Saudi Style 1 1.3%
Parlor Type
Rotary 13 17.1%
Parallel 54 71.1%
Herringbone 9 11.8%
Feeding M ethod
Total Mixed Ration 76 100.0%
Graze 0 0.0%
Vaccinations
Infectious Bovine Rhinotracheitis 73 96.1%
Bovine Viral Diarrhea 73 96.1%
Any Diarrhea Vaccine 72 94.7%
SRP Salmonella Newport Extract Bacterin 56 73.7%
Enviracor J-5 E. Coli Bacterin 57 75.0%
Any Autogenous Vaccine 8 10.5%
Endovac Bovi 17 22.4%
Any Ecoli Scours Vaccine 23 30.3%
Direct Fed Microbial
DV SCFP 48 63.2%
Bovamine 11 14.5%
Celmanax 11 14.5%
Amax 3 3.9%
Amaferm 1 1.3%
Active Dry Yeast 2 2.6%
Omnigen 11 14.5%
Any other DFM 5 6.6%
Rumensin
62 81.6%

1 Farms that were analyzed with this variable.

49



In the univariable model, (Table 2.4) each outcom@ablke reported the effect measure
which was the Log Pseudo Likelihood estimafethe incident Iql) of the numberof diarrhea
incident for hercbf 1 cow per month.In each casef the predictor variable for DFM the reference
case was the controt herds not fed the DFM and the table reports the affdeeding the product.
Likewise,in the farm management analysisf using this particular farm design parlor types the
reference and the effect represents the managemgunestion. For exampley (Table 2.5), Drylot
represents herds that primarily used a drylot systemsralisother typef systems, (Freestall, Cross
Ventilated, and Tunnel Ventilated Barnd)ikewise, for vaccination type, the VaccBVD reprase

herds that declared they used some bodndccination for BVD.

Table2.4. Dairy Farms responding to a cross sectional survey performed in f201diarrheal incident
relationship to what feed additives (Direct Fed Microbials) were fed. The respmesbroken into
East and West Region showing how many farms responded for edtiheaddadditive combination,
whether or not they provided records on diarrhea incident.

Direct Fed Microbials? East ? West 3
Amax* 13 12
Bovamine® 27 34
Celmana¥ 2 0
DV SCFP’ 242 229
Other DFM8 26 0
Bovamine + Celmanax +_Amax 1 0
Bovamine + DFM 0 1
Celmanx + Amax + Omnigén 0 10
Celmanax + Amafertd + Omnigen 12 0
Celmanax + Omnigen 30 11
DV SCFP + ADY 0 18
DV SCFP + Bovamine 25 36
DV SCFP + Bovamine + Amax 0 1
DV SCFP + Bovamine + Amax 1 0
DV SCFP + Bovamine + Celmanax + ADY + Omnigen 18 0
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Direct Fed Microbials? East 2 West 3

DV SCFP + Bovamine + Celmanax + Omnigen 20 0
DV SCFP + Celmanax 6 1
DV SCFP + Celmanax + Omnigen 46 12
DV SCFP + DFM 13 19
No Data 0 15
No Feed Additive 105 103

L Direct Fed Microbials reported to be fed for each month of data per faows with multiple products indicate
the farms that reported to feed multiple product simultaneously.

2 Regions for East = MD, ME NC, NH, NY, PA, SC, VA, VT, IA, MN, N&D, IL, IN, MIl, MN, MO, ND, OH
3 Regions for the West= CA, ID, OR, UT, WA, CO, KS, OK, WY AZ, NM, NV, TX.

4 Amax is a yeast culture &ccharomyces cerevisiae fermentation manufactured by Arm and Hammer Animal
Nutrition of Princeton, NJ.

5 Bovamine, a bacterium dfactobacillus acidophius NP51 andPropionibacterium freudenreichii NP24 fed as a
direct fed microbial is manufactured by Nutrition Physiology Compaulyision of Chr. Hansen Holding A/S,
Demark.

6 Celmanax is a combinatidBaccharomyces cerevisiae fermentation product and yeast cell wall carbohydrates
(MOS). It is manufactured by Arm and Hammer Animal Nutrition, Princeidn,

7 Diamond V is yeast cultureSaccharomyces cerevisiae fermentation product manufactured by Diamond V,
Cedar Rapids, IA.

8 Other DFM is any direct fed microbial, either bacterial or yeast based that wadefgol not included in the
list of branded products.

® Omnigen is manufactured by Phibro Animal Health Corp, Tea¢tk,
10 Amaferm is a fermentation productAdpergillus oryzae manufactured by BioZyme, St. Joseph, MO.

1L ADY is Active Dry Yeast by any manufacturer.
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Table2.5. Univariable Table Direct Fed Microbials fed tdairy farms analyzed as of categorical univariate variablesen analyzed for “not treated =(ref)”
vs. treated on the log of the incidence of diarrhea in an observatiogauttinal study.

2 Res L og Pseudo
Predictor Varialble? Likelihood (Estimate 3) SE Pvalue Lower CL Upper CL Incident RateRatio* IRLower CL IR Upper CL

Direct Fed Microbial

DV SCFP® -0.352 0.172 0.041 -0.691 -0.014 0.703 0.501 0.986
Bovamine® -0.526 0.555 0.343 -1.615 0.562 0.591 0.199 1.755
Celmanax 0.602 0.532  0.257 -0.441 1.645 1.826 0.644 5.183
Amax?® -0.639 0.961  0.506 -2.525 1.246 0.528 0.080 3.476
Amaferm® 2.160 1.621 0.183 -1.022 5.341 8.669 0.360 208.763
ADY 10 0.416 1.167 0.722 -1.875 2.707 1.516 0.153 14.984
OtherDFM1! 1.138 0.763  0.136 -0.360 2.636 3.121 0.698 13.954
Rumensint? 0.678 0.484 0.161 -0.271 1.628 1.971 0.763 5.092
Omnigent3 0.606 0.547 0.268 -0.467 1.680 1.834 0.627 5.364
Breed

Holstein* -0.145 0.620 0.816 -1.361 1.072 0.865 0.256 2.920
Jersey® 0.441 0.518 0.395 -0.575 1.457 1.554 0.563 4.291
Facility type

DryLot 16 -0.471 0.453  0.299 -1.360 0.418 0.625 0.257 1.519
Freestall’ 0.692 0.394 0.079 -0.081 1.464 1.997 0.923 4.325
Farm M anagement 1.000 1.000
CrossVent8 -0.278 0.629  0.659 -1.512 0.957 0.758 0.220 2.603
Tunnel®® 0.245 0.973 0.801 -1.665 2.156 1.278 0.189 8.634
Rotary?® 0.780 0.494 0.115 -0.189 1.750 2.182 0.828 5.754
Parallel** -0.407 0.418 0.330 -1.226 0.413 0.666 0.293 1.511
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2 Res L og Pseudo

Predictor Varialble? Likelihood (Estimate 3) SE Pvalue Lower CL Upper CL Incident Rate Ratio# IRLower CL IR Upper CL
Vaccination

VaccBVD ?2 -1.951 1.159 0.093 -4.225 0.323 0.142 0.015 1.381
VaccSRP? 0.555 0.449 0.217 -0.327 1.436 1.742 0.721 4.205
VaccJ5?* 0.480 0.450 0.287 -0.404 1.363 1.615 0.668 3.906
EndoVac®® -0.284 0.462 0.539 -1.191 0.623 0.753 0.304 1.864
VaccEcoliOther® 0.192 0.422 0.649 -0.636 1.020 1.212 0.529 2.773
Anydiavac?’ 1.108 0.788 0.160 -0.439 2.654 3.027 0.645 14.207
Region %

East 0.973 1.660 0.558 -2.285 4.230 2.645 0.102 68.731
East Plains 1.603 1.230 0.193 -0.811 4.016 4.966 0.445 55.473
Mid-West 1.682 1.321  0.203 -0.910 4.274 5.377 0.403 71.823
N. California 1.594 1.443  0.270 -1.238 4.427 4.924 0.290 83.647
Northwest -0.377 1.451 0.795 -3.224 2.469 0.686 0.040 11.814
Plains 1.745 1.513 0.249 -1.225 4.714 5.724 0.294 111.486
S. California -0.751 2.055 0.715 -4.784 3.281 0.472 0.008 26.597
Southwest 0.628 1.236 0.611 -1.797 3.054 1.874 0.166 21.194
Wisconsin 0.000 1.000

Catagorical Region %

East 0.825 0.376  0.028 0.087 1.564 2.283 1.091 4.776
West 0.000 1.000

Quarter *° 1.000 1.000
1 -0.108 0.068 0.114 -0.242 0.026 0.898 0.785 1.026
2 -0.052 0.069 0.452 -0.188 0.084 0.949 0.828 1.088
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2 Res L og Pseudo

Predictor Varialble? Likelihood (Estimate 3) SE Pvalue Lower CL Upper CL Incident Rate Ratio# IRLower CL IR Upper CL

3
4

0.004 0.065 0.950 -0.124 0.132 1.004 0.884 1.141
0.000 1.000

10

11

12

13

The coefficients from the negative binomial regression model are givermia térthe log of the incident (ln The coefficient represents the amount)(ia
expected to change with a unit change in the predictor (Dohoo, MartirGtayhn 2009b). Modeled using SAS 9.4 GLIMMIX. SAS Institute,I€ary,
NC.,. Farm is a random intercept. This model is a negative binomial model to atmoawér dispersion in the Poisson model. The natural log of the herd
cow numbers is the offset variable.

Categorical treatment variables were modeled as univariable “treated” or “not treated” in the model.

For the estimate coefficient the non-treated effect is the reference. Theieokis the In for the unit change in cases of for being or using the categorical
variable.

The incident rate ratidR) is the natural antilog of thellnThe IR represents the proportional increasé far a unit change in the predictor. AR of 1 is no
change. ArR of 1.5 would be a 50% increase. In the case of the DFM predictorsofh@rfional change for feeding the product.

Diamond V is yeast cultur&ccharomyces cerevisiae fermentation product manufactured by Diamond V, Cedar Rapids, IA.

Bovamine, a bacterium dfactobacillus acidophius NP51 andPropionibacterium freudenreichii NP24 fed as a direct fed microbial is manufactured by
Nutrition Physiology Company, a division of Chr. Hansen Holding B&nark.

Celmanax is a combinatioBaccharomyces cerevisiae fermentation product and yeast cell wall carbohydrates (MOS). It is mamefhdiy Arm and
Hammer Animal Nutrition, Princeton, NJ.

Amax is a yeast culture &accharomyces cerevisiae fermentation manufactured by Arm and Hammer Animal Nutrition ofcBton, NJ.
Amaferm is a fermentation productAdpergillus oryzae manufactured by BioZyme, St. Joseph, MO.

The category ADY is any active dry yeast as identified in the daivegu

Any DFM was any DFM not specifically identified in another category in the daivey.

Rumensin is monensin a feed additive antibiotic that targets granveasithien bacteria manufactured by Elanco, Greenfibld,

Omnigen is manufactured by Phibro Animal Health Corp, Téam&t
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The categorical prediat variable Holstein is tested against the reference value of any other breed of cows “not Holstein” which would be Jersey, cross-breds
and others.

The categorical predictor variable Jersey is tested against the reference value of any other breed of cows “not Jersey” which would be cross-breds, Holstein and
others.

Drylot is farm management system where cows are not kept indoors bouaszl out ofloorin dirt lots, not in pasture with or without shades.

Freestall barns are farm management systems in which the cows aredkeps iwith or without access to exercise lots where the cows are bedded
freestalls and naturally ventilated. The reference for this predictor laviauld be any other type of management system including drybss\went, or
tunnel ventilated barns.

Crossvent is a farm management system in which cows are hiousexss ventilated barns. They are typically in freestalls and thie aipved under
pressure across the narrow access of the rectangular barn. The rdfarémseoredictor variable would be any other type of managementsystiuding
freestall, drylot, or tunnel ventilated barns.

Tunnel is a farm management system in which cows are housathigl ventilated barns. They are typically in freestalls and the aovisdrunder pressure
down the long axis of the rectangular barn. The reference for thicfor variable would be any other type of management system inclirdesall,
drylot, or cross ventilated barns.

Rotary is farm systems in which cows are milked on a rotaryoptatf The reference for this predictor variable would be any other fymélking system
which is herringbone or parallel parlors.

Parallel is farm systems in which cows are milked in a parallel milkingrpafibe reference for this predictor variable would be any other typelkihg
system which is herringbone or rotary parlors.

VaccBVD is a predictor variable yes or no if farm vaccinated cowswvaitbine containing any brand with antigens against BVD.

VaccSRP is a predictor variable yes or no if farm vaccinated cows witioSella Newport Bacterial Extract SRP CattleVaccine. It is a vaccine containing
SRP technology (siderophorne receptors and porins). This vacciaaigantured by Zoetis Animal Health, Parsippany, NJ.

VaccJ5 is a predictor variable yes or no if farm vaccinated cows wiiheEor J-5 E. Coli Bacterin Cattle Vaccine. This vaccine is specifecoli mastitis
but some people feel it may reduce diarrhea as well. This vaccine is mareddny Zoetis Animal Health, Parsippany, NJ.

EndoVacc is a predictor variable yes or no if farm vaccinated cows withvBaeBovi which is a gram negative mastitis vaccine manufacturédd iy A C
of Columbia MO. Many people feel it may cross protect against diarrhba aows as well.

VaccEcoliOther is a predictor variable yes or no if farm vaccinated cows withtlzgrybrand of ecoli vaccine as well as bactrins.

Anydiavac is a predictor variable yes or no if farm vaccinated covasanit vaccine directed against a diarrhea type outcome
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28 Region was a multivariable predictor variable consisting of the regieneihthe farm was located. RegionsEast = MD, ME NC, NH, NY, PA, SC, VA,
VT. East Plains = IA, MN, NE, SD.Mid-West = IL, IN, MI, MN, MO, ND, OH. N. California = Fresno addresses norforthwest = ID, OR, UT, WA.
Plains= CO, KS, OK, WY.S. California = addresses S of FresnBouthwest = AZ, NM, NV, TX. Wisconsin = WI was the reference value.

29 Westor East was a collapsing of the regions into either western herd (N. California, SrritaliRacific NW and Plains), vs the eastern herd (East, East
Plains, Wisconsin, and the Midwest). The west was the reference value.

30 Quarter is a multivariable categorical predictor variable for the quarters of thedfeguarter is the reference quarter.
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The results of the univariable analysis for parameter estimatesPwitliues less than
0.20 which were included for backward selection using a critical alpha for retention of 0.1 were,
DV SCFP (R=0.703,P = 0.041), AmafermIR = 8.669,P = 0.183), Other DFMIR = 3.121P
= 0.136), RumensiniR = 1.197,P = 0.161), FreestalllR = 1.997,P = 0.079), RotaryIR =
2.182,P = 0.115), Vaccinate with BVD (VaccBVD)IR = 0.142,P = 0.093), Any diarrhea
vaccination (Anydiavac)IR = 3.027,P = 0.160), East PlaindR = 4.966,P = 0.193), East
Region (R = 2.283,P=0.028), # Q (IR = 0.898,P = 0.114). When region was collapsed into
East (East, East Plains, SE, Wisconsin, and the Midwest) or West (N. Caligr@alifornia,
Pacific NW, SW, and Plains), the category was significd?0(028) with West used as the
reference region. A herd in the East laadR of 2.28 showingan increased risk of >200% for
diarrhea incidents per month /1000 cows over the base herd in the West region replbgsented
the intercept.

The final model (Table 2.6) results showed feedng SCFP hadin IR = 0.707 when
controlling for herds that vaccinated for BVD aifidthe herd wasn the East or West which
represents about a 30% decreiasesk versus a herd not feediby SCFP or a decrease of 2.03
diarrhea events / 1000 cows per month when compared to the base (intercept) herdred$e inc
in diarrhea events for a dairy being in the east while controlling for tlee prameters was an
IR of 2.036 or about a 200 % increase. This tells us that herds in the eastr@pout 14 cases
per 1000 cows per month with a CI of 6 to 30 cases (Dohoo, Martin, and Stryhn 2009b).
Vaccinating for BVD while not significant in the final model was forced in due to the Rigimdl

its near significance in the univariable mod& £ 0.213).
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Table2.6. The final multivariable model for the risk due tertain categorical variables on diarrheal incidentJS dairy farms from and observational longitatlin

study.
-2 Res L og Pseudo-
Predictor Varialble? Likelihood (Estimate 3) SE Pvalue Lower CL Upper CL Incident RateRatio* IRLower CL IR Upper CL
Intercept -4.972 1.202 <.0001 -7.370 -2.575 0.007 0.001 0.076
DV SCFP -0.347 0.171 0.043 -0.684 -0.011 0.707 0.505 0.989
VaccBVD? -1.545 1.168 0.186 -3.837 0.747 0.213 0.022 2111
East 0.711 0.387  0.066 -0.048 1.470 2.036 0.953 4.349

1 The coefficients from the negative binomial regression model represent thellgigafient) (In) is expected to change with a unit change in the predictor
(Dohoo, Martin, and Stryhn 2009b). Modeled using SAS 9.4 GLIMMIX. SAsSitlite Inc., Cary, NC., 2016. Farm is a random intercept. Thieh®ma
negative binomial model to account for over dispersion in the PoissdalmThe natural log of the herd cow numbers is the offset variable.

2 Categorical treatment variables were modeled as control or treated with control beigfgtence.

3 For the estimate coefficient the non-treated effect is the reference. Theieokis the In for the unit change in cases of for being or using the categorical
variable.

4 The incident rate ratidR) is the natural antilog of thelln The IR represents the proportional increasé for a unit change in the predictor. AR of 1 is no
change. ArR of 1.5 would be a 50% increase. The control is the reference.

5 Diamond V is yeast cultur&ccharomyces cerevisiae fermentation product manufactured by Diamond V, Cedar Rapids, IA.
6 Herd not receiving vaccination for Bovine Viral Diarrhea of any brand.
7 Herd are located in the east region versus the west. These regions were Wedathmls California (Fresno area north) Southern California, (Fresno area

south), the Pacific-Northwest, (WA, OR, ID, UT), Southwest (NM, BX), and Plains (CO, KS, OK). The East region was East Plains (IA,NMINand
SD), East (MD, ME NC, NH, NY, PA, SC, VA, VT), Midwest (IL, IN, MI, MN, M@QID, OH.
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Discussion

Diarrheais a major health problem on dairy farms, but the exact exiembt known
because farms might not always record diarrhea incidents. Accdalitige 2007 National
Animal Health Monitoring System (NAHMS 2007) Dairy Study about 10% of cow deaths were
attributedto diarrhea or other digestive problems and farmers report about 2.5% of all cows have
diarrhea events per yealn this survey using dairy records the overall average rate of a recorded
diarrhea event was 1.1% / month. This would eqt@asround 13% / year for of cows in dairy
herds having at least one case of diarrheahe NAHMS study the actual dairy records are not
usedto analyze the diarrhea rates. The datathis study maybe more a more accurate
assessment although much highetn 2009 looking at herds with clinical diarrhea and
specifically lookingat salmonellosis, Cumming and colleagues foandncident density at the
animal level of 1.8 cases or cows testing positiveS®monella per 1000 animal years in the
NortheasternUS (Cummingset al. 2009). Cummings was reporting only cows that tested
positive for salmonellosis, while the diarrhea recorded on fartims study was undifferentiated
and could have been from a variety of causB®e incident density in the current study was 83.1
per 1000 cow years which is 80 times the level in the Cummings study. This large increase
might be due to many other causes of diarrhea on farm but also might be due to undifferentiated
misclassification of the diarrhea event itself.

While feeding DFMs may decrease diarrhea from infectious causes, (Cerniattafiro
2014, Magalhaesgt al. 2008, Secet al. 2010), theras evidence that some DFMs may also
decrease the risk of problems of feed contaminated with mycotoxins (Whitlow and Hagler 2008)
or decrease the rigi sub-clinical acidosis, both of which can induce diarrhea € ab 2010).
Another risk factor examinenh this study was immunization for BVD, whigk an important

cause of diarrhem US dairy herds (Hochsteineat al. 2002, Houe 2003). While many risk
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factors were examined this survey, onypV SCFP, vaccinating for BVD, being from the East
region, and freestall barns were cloge significant, Fossler (2005) found a decreade
Salmonella sheddingn herds using freestall barnsWe found more events of diarrhea
freestall barns in the univariate model but this was dropped as confounding with the variable
WestorEast region. Although shedding of Salmonella and events of diarrhea are relateé there a
many other risk factors associated with undifferentiated diarrhea. Events of diarrhdze may
more associated with rations, weatheswell asregion and some of these factors could be more
associated with region. For example feeding higher corn silage ratitms Midwestmight be

more associated with rumen acidosis leadmgliarrhea. We had freestall barns and region
confoundedn our study. This could be diwe more diarrhean the east and freestall barns are
more commorin the east.

The finding for some impact on diarrhea events B SCFPis in keeping with
Brewer’s finding that calves had less diarrhea than control after calves were inoculated with
Salmonella while being fed &Saccharomyces fermentation product (Brewest al. 2014). In
addition SCFP has been shotendecrease ruminal acidosis @fial. 2016) whichs a possible
risk factor for diarrhea (Plaiziat al. 2008, Dijkstraet al. 2012). While this study only showed
only 1 DFM associated with a decreaseliarrhea events, this more likely dugo the sampling
size associated with different feeding regimes. The number of farms targeted in the sample was
not achieved (76 vs 150) resulting in low power for many of the less commonly fed DFM
products and therefore could represent a Type 2 error for many other the other products
variables, therefore no conclusi@an be drawn from the lack of significance in the other

variables.
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Other possible issues that may le@dbias within this study are possible errans
classification. One large misclassification is what constitutes the case definition of diarrhea
the opinion of the dairy, and what gets recorutetthe database. There were many months where
0 cases diarrhea were reported whereas the maximum incidences of reported diarrhea was 384
cases per 1000 cowdt is obvious from the data that some farms record many more incidents of
all diseases their data. Some large farms with 2000 or more cows had fewer than 1 or 2 cases
of diarrhea per month recorded (these tentebe in the west) whereas some smaller dairies
with fewer than 1000 cows had more than 100 ca&ses month. This could reflect more
intensive monitoring depending on farm sizes but could be a management cultural pralkgce
West; in other words, diarrhea may not be consideasd recordable health event on western
versus eastern dairiefverall the higher incident density than for example Cummings could
represent a much higher specificity for identifying diarrheal disease which could be the result of
non-differential misclassification. The effect of non-differential misclassification would be to
bias the estimated effect toward the null. This nullifying effect could indicate that in the final
model what appears as a rather small effect due to DV SCFP could actually be larger than 2
cases per 1000 cows per month.

There are many treatments that are used on tatneat diarrhede.g. oral or parenteral
electrolyte solutions, astringent boluses, antibiotics). For the dairy indosprovide good
decision analysiso farms, accurate recording, and standardized case definitions wouldoneed
become the norm for the dairy industry. With the exact number of cases being unknagn, be
able to provide good solutions for treating diarrhea while combating antimicrobial resistance
resulting from treatment of diarrhea incidents will be a difficult undertaking. Identifying

possible feed additives or management practices that couldoléager levels of diarrhea and
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therefore antibiotic treatmenisa possible alternative that holds great promise for the futare.
this study, the only feed additite show improvemenin diarrhea incidents was SCFP. The
feeding of SCFP only accounted for approximately 2 cas&900 cows per month. Much of
the qualitative data available on feeding DEddairy cattle indicate anilk production effect
(Poppyet al. 2012) which maype more importanto a dairy producer than the economics of a
reductionin diarrhea cases.

The study used Diamond V employetesconduct the survey, which could create a
selection biasn the survey data possible making herds ugigSCFP more likelyto answer
the survey. A larger proportion of study herds (67%) U3¥dSCFP alone oin combination
with another brand of DFM. Another selection bias was that the survey responders volunteered
for filling out the survey and providing the herd electronic records. Surprisingly many herds
used combinations oft® 4 different DFM productat the same timelf thisis true, it represents
an opportunity for dairiego limit their choicesasthereis no evidence that multiple products
have an additive effect. It is possible that the survey responder didactually know whais
being fed on the farm and answered theyD®ISCFPasoneof their feed ingredients because
was aDV representative asking them the question.

It is possible that the Diamond V employees could have inadvertently chosentderds
participate that fed Diamond V products and also had low incidents of health events while herds
that were not fed Diamond V products herds being fed other products or management
characteristics sucasbarn design or parlor design had higher diarrhea incidents, however, this
was not apparent when the herd information was reviewed. Also, the farms visited were from a

list of randomized farms. Farms were visited accortintis list until approximately 15 farms
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agreedo participate or the list was exhausted. Having a higher herd participation rate from the

randomized list of herds would have minimized this possible bias.

Conclusions Chapter 2

Utilizing a broad surveypf herds across the United States, many different feeitivas,
and management practices were identifiéd.the different management practices surveyed, only
feeding ofDV SCFP was significantly associated with a decrgasecorded diarrhea events. Due
to possible misclassification, the result showing a decrda8ecases per 1000 cows per month
could be underreported. Vaccinating with a BVD vaccine alss associated with a trend toward
decreased incidents well asherd location East vs. West. A lack of accurate rectodhealth
events being documented the farm may decrease the abitityaccurately make inferences based
on observational studiesln orderto be ableto utilize data collectedn farms, data collection
guidelines may neetb be establishetb make data collection more consistent. Possibly paying
farms to participate in a study of this nature where they wsméda tangible return for the effort of
keeping more accurate records could benefit a more accgsdssment of the DFM exposure.
For this type of study, more farms would ndede includedin the studyto help minimize the
inherent variation sometimes saansmaller studies antb potentially have enrollmenrdf farms

that utilize a wider variety of DFM produdts minimize diarrhea incidents.

63



CHAPTER 3

A META-ANALYSIS OF THE EFFECTS OF FEEDING
YEAST CULTURE PRODUCED BY ANAEROBIC FERMENTATION
OF SACCHAROMYCES CEREVISIAE, ON MILK PRODUCTION OF

LACTATING DAIRY COWS

Chapter 3 Executive Summary

The purposeof this study wagdo use meta-analytic methodis estimate the effeadf a
commercially available yeast culture prodantmilk production and other production measures
lactating dairy cows through the usfea meta-analysisf randomized controlled trials. A totail 61
research publications (published journal articjashlished abstracts, and technical reports) were
identified through a reviewf the literature provided by the manufacturer andcbeat published
literature using 6 computer search engingsrty-six separate studies with a tadélb9 comparisons
met the criteria for inclusioim the meta-analysis. The fixed effect meta-anabfsisved substantial
heterogeneity for milk yield, energy corrected mai§% fat corrected milknilk fat yield, and milk
protein yield. Sub-group analysi$ the data showed much less heterogerniritgeer reviewed
studies versus non-peer reviewed abstracts andi¢atheports, and tendéd show higherput not
significantly different, treatment effects. A randeffects meta-analysis showed estimated raw
mean difference between treated and untreate@ cafibrtedn peer reviewed publications were
1.18kg/d (95% ClI, 0.5%0 1.81), 1.61 kg/d (95% ClI, 0.98 2.29), and 1.65 kg/d (95% ClI, 0.8Y
2.34) for milk yield, 3.5% fat corrected milk andeegy corrected milk, respectively. Milk fat yield
and milk protein yield for peer reviewed studieswsbdan increasean the raw mean differencaf

0.06 kg/d (95% ClI, 0.010 0.10) and 0.03 kg/d (95% CI, 0.090.05). Estimated raw mean dry
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matter intakeof the peer reviewed studies during early lacta@gi@0 DIM) and not-early lactation
were 0.62 kg/d (95% CI, 0.2tb 1.02) and a decreasd 0.78 kg/d (95% CI, -1.3@0 -0.21),
respectively. These findings provide strong evidethat this commercially available yeast culture
product provides a significant improvemant several important milk production outcomas
evaluatedn production settings typical for commercial daimedNorth America. Utilizing meta-
analytic methods$o study the complete breadtli information relatingo a specific treatment by
studying multiple overcomesf all eligible studies can reduce the uncertaintgrofieenn small

individual studies designed without sufficient poweedetect differences treatments.

I ntroduction

Yeast products are commonly used around the world for inclusidiets of production
animals. It has been suggested that yeast products impact the rumen microbial population
resultingin changesn ruminal VFA production resultingy increaseanilk productionaswell as
an increasein milk fat (FY) and milk protein(PY) yield from lactating dairy cows (Erasmus,
Botha, and Kistner 1992, Putnatal. 1997). Increased DMI has been obseimesbme studies
(Dannet al. 2000) and decreased DNl other studies (Schingoetle¢ al. 2004)et al., 2004).
Despite numerous peer reviewed and non-peer reviewed studies on the effects ofykesesting
products, the results of these studiedactating dairy cows appe&w be inconclusive. Some
studies have identified significant effectsmilk production (Harrisoret al. 1988, Hipperet al.
2007, Lehloenya&t al. 2008, Ramsingt al. 2009) others reported a trendoroduction Williams
(Williams, Marsh, and Williams 1999, Damt al. 2000, Wang, Eastridge, and Qiu 2001) or no
significant differences (Robinson 1997, Schingoethal. 2004). Nutritionists, veterinarians,

and dairymen neetb know the efficacyf these yeast products amlk production measures
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order to make appropriate decisions about the use of these produtkeir management
systems.

One possible source of variability resultsis that many trials may have lacked sufficient
sample size and consequently statistical pdwetemonstrate the differencesthe production
measures. Lack of statistical power can resulin increased risk of missing a true treatment
effect and produce a false negative trial result that Type 2 statistical error (Freima al.

1978, Egger, Smith, and Altman 2001). Meta-analysis has been proposed as a mettayd that
be usedo obtain useful summary estimates of effect, especially when there are numerous small
studies conducteth different study locationdy different researchers using different study
designs, which when considered individually may not provide conclusive eviadéneiect
(DerSimonian and Laird 1986, Leabal. 2009).

Another possible source of variationresponséo supplementation of yeast product may
be the type of yeast products that are used. There are differences lattivaemgredients and
putative modes of action of different products. There are two main categories of yeast products
(AAFCO 201). Yeast cultures that are produced through yeast fermentation contain
fermentationby-products and are not dependentthe live yeast for their physiological effects.
The fermentation products contain compounds that impact the gobw#rious types of rumen
bacteria and protozoa (Wiedmeier, Arambel, and Walters 1987, Haeisbn1988, Callaway
and Martin 1997). In contrast, active dry yeast products (AAFCO 2011) are productbyhat
definition must have greater than 15 billion live yeast cells/g. The afezxssumedo be
dependent on the yeast cell being alimethe rumento have a production effect (Dawson,
Newman, and Boling 1990, Newbold, Wallace, and Mcintosh 1996)). A recent meta-amalysis

Desnoyerset al. (2009) providesan example of how the lack of differentiation among these
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productsis commonin the peer-reviewed literature. The aim of Desnoged. (2009) meta-

analysis waso estimate theffects of live yeast supplementation on intake, rumen fermentation,

and milk production, however, the study mistakenly included 13 studies of yeast culture

mislabeledas live yeast. Differencesn both the manufacturing process of specific yeast
products and the response of yeast products within different production yfsteerds may

contributeto the variability of production responses.

The purposef this study wagso critically review all relevant research specificlypto

a single manufactured yeast culture product meéstimate the effecdf a yeast culture
producton milk yield (MY), FY, PY, ECM, and DMlof dairy cattle using meta-analytic
methods. A secondary objective was examine the differencem treatment effect and
heterogeneityf various study designs (i.e. blinding and randonwrator other factors such
as peer review that commonly lead publication biasor heterogeneityof effectin other

meta-analytic studies

Materials and Methods

All published and unpublished papers and reports that studied theaéfearhmercially
available yeast culture products manufactusgdDiamond V (Cedar Rapids, lowa) that were
conductedn lactating dairy cattle pricio 2011 were obtained from the manufactiseecords.

A comprehensive sear of English language published literature was also perfobgedilizing
6 different search engines (Pubmed, scholar Google, Agricola, Sciencedirect, ScirGsBnd
with the words yeast, cows, and lactatitmidentify other research papers and reports that may

not have been published.
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Inclusion Criteria

All published and non-published studiegs the English language were screened for
inclusionin the meta-analysis using standardized critefiia.be includedin the meta-analysis,
studies must have evaluatateast one of the three yeast culture products (YC, XP, XPC) sold
by a single company (Diamond, Cedar Rapids, IA). The three products are equivalent
productsin manufacturing except for the concentration. The study must have included a
concurrent negative control group, randomized treatment assignments (Lean and Rabjee 2011)
must have been conductetdlactating dairy cows (not dry coves in-vitro studies) and used a
parallel group design (i.e. not crossover). Additionally, studies must have reported reatilts of
least one of the production outcomes of interest [MY, ECMm#k fat (F%), FY, % milk
protein %), PY, 3.5% FCM, ECM or DMI], along with a measure of variance (SE or SD) or a

P value for comparisonf effects between treatment and control groups.

Data Extraction

Data were collated from the eligible studies reporting the effégteast culture on
production outcomesln additionto outcome measures regardimgk production, the following
data were extracted from the trials for sub-group analfytfi® information was present: location
of the study (state, country), sourmakthe paper (peer reviewed journal, conference abstract, or
technical report), published a peer reviewed journal (yes or nib)an explicit statement about
the randomization of treatments was included (yes or no), analytical control for comfo(yede
or no),if the treatment application was priorcalving date (yes, before calving vs. no), Ddi
the start of the trial, stage of lactation for the study period (full lactation, <70 DIM,0dDIM),
milking frequency (2X, 3X or unknown), calving season for the dairy (seasonal or all yea

around), diet (pasture or total mixed ratidiMR)), dietary vitamin supplementation (yesno),
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ionosphere supplements (yes or no), parity (primiparous onlyrmix af multi and primiparous),
breed (Holstein or other) BST administration (yes or no), type of yeast culture pfg@uc<P
or XPC), dosage of yeast culture (in grams), yeast culture delivery method (mixed or top-

dressed), and how the treatment was deliveré¢ide cow (individually or fedio a pen of cows).

Satistical Analysis

Meta-analysis was conducted using the methods deschieHtliggins and Green
(2008a).  Statistical analysis was conducted on the extracted production data using
Comprehensive Meta-Analysis version 2.2.050 (Biostat, Englewood New Jersey 2009). Studies
were weighted using the methods of inverse variance (DerSimonian and Laird 1086
selected studies have not reported measures of the variance of the interested outcomes, estimates
of variability were extracted from the papers using the methods desdnb&ahbieeet al.

(2010). If the trial only reported a Z statistic Brvalue, the estimates f@E and SD were
calculated using the differenae the mean and the number of cows for each trial (Higgins and
Green 2008b). For studies that only reported significance retataeyiven alpha cutpoint (i.e.

P <0.05), then this value was usedmake a conservative estimateSE andSD. For studies

that only reported a non-significant effegt,values of 0.15, 0.3, and 0.5 were assigned and
compared numericallip eachother. TheP value that produced the smallest (most conservative)
estimate of the overall treatment effect was selected for the calculation®i {Sanchezt al.

2004). If F%, FY, P%, PY, 3.5% FCM (Dairy Records Management Systems, 2006), and ECM
(Tyrrell and Reid 1965) were not reported, estimates of these parameters were calculated. The
variance used for the calculated missing value was the variance for the corresponding@ outcom
statistic from the same trial (F% from FF¥Y from F%,PY from P%,P% from PY and 3.5%

FCM and ECM from MY). Continuous data were analyzed both using the raw mean difference
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(RMD) for both fixed effect and random effect modatslescribedy Borensteiret al. (2010)

for each study outcome ara$ a standardized mean differenc@(D) as describedby Lean

(2009). Differences study designsr production system characteristics that were consicered
priori to influence trial outcomes or where a high level of heterogenestyolserved were
explored using stratification for comparison of these sub-groups. Sub-groups with less than 5
comparisons were not considered appropriateeport statisticallyas there were not enough

comparisonso evaluate.

Multiple Comparison Outcomes

In studies with complex data structures saskthose with multiple comparisons (i.e. one
control group was comparet two different treatment groups or multiple outcomes were
compared between groups different stagesf lactation), a synthetic treatment effect was
calculated along witlan adjustment of the variande compensate for the correlated outcomes
(Table 3.1). This was accomplisheg first performing a fixed effects meta-analysis of the
correlated outcomadn the studyto obtain a synthetic point effect. The variance for the synthetic
point effect was calculated using the variance inflation faasatescribed. This fixed effect
point estimate was entera@dthe final meta-analysigsone study and the studies that were used
to estimate the synthetic treatment effect were excludedexample of how this was done
how Danet al. (2000) was evaluatedn this study Danmt al., reportedMY from d 1to 21, 1to
42 and 1to 140. A correlation factoof 0.33 was estimated for theb&' outcomesasthese
reported MY outcomes are not independewit each other and yet each one has valuable
information on how yeast culture impadty’. The outcomes favlY difference were 1.4 kg/d,
1.6 kg/d and 0.6 kg/d respectively with 8D of 4.79, 4.70 and 4.36 fawach The synthetic

mean differencéen MY was calculatedby combining these 3 outcomes by using a fixed meta-
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Table3.1. Descriptors of 61 research papers from 1988-201timespecified selectidreriteria and reporting the effect of Diamond-V yeast calproducts on
production outcomes in dairy cattle that were usedrireta-analysis of the effects of a single yeast culture produntlk production in dairy cows.

% i

mC o N % ,:g‘ coC ma\ % o 8

W 5 © § 55 58 55 25 5 8 23 B

c & € © 58 <& o F S 3 S 2 = 2 2

3 8 ts § 6t =®8 S 4 =5 T T 8 s 5

Study Name 3 3 A8 o 08 &= B S S = o E L £ O

Alshaikh et al., 2002 Journal Saudi Arabia No Yes Yes After  Not Early 3X Mixed Group 1

Arambel and Kent, 1990  Journal Utah No Yes  Yes After  Not Early 2X Top Dress  Indiv. 1

Bennett, 2004 Report Australia. No No Yes After Full 2X Top Dress  Group 1

Bernard, 1992 Abstract Tennessee No Yes  Yes After Early 2X Mixed Indiv 1

Braun, 1993 Report Israel No Yes  Yes After  Not Early Unknown Mixed Group 1

Cooke et al., 2007 Journal Georgia No Yes  Yes After  Not Early 2X Mixed Indiv 3

Dann et al., 2000 Journal Illinois3 Yes Yes Yes Before Early 2X Top Dressed Indiv 3
r=.33

DV Mills and MW Feed Report Midwest US No No Yes After  Not Early Unknown  Top Dress Indiv 1
Manf. Rrch Farm 1, 1989

DV Mills and MW Feed Report Midwest US No Yes  Yes After  Not Early 2X Mixed Group 1
Manf. Rrch Farm 2, 1993

DV_Mills and Report  North Carolina  Yes No No After  Not Early Unknown Unknown Group 3
Union_Grove_Dairy, 1997 r=.33

DV_Mills and Report England Yes No Yes After Early Unknown Mixed Indiv 3
United_Molasses, 1994 r=.33

Dobos, 1998 Report Australia No No Yes After Early 2X Mixed Group 2
Erasmus et al., 2005 Journal South Africa No No Yes Before Early 2X Mixed Indiv 2
Fazenda, 1998 Report Portugal No No Yes After  Not Early 3X Mixed Group 1
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Harris et al., 1992 Journal Florida No Yes No After  Not Early 2X Mixed Indiv 1
Harris, 1988 Abstract Florida No No Yes After Both 3X Mixed Group 2
Harris, 1990 Abstract Florida No No Yes After  Not Early 3X Mixed Group 1
Kim et al., 1994 Abstract Utah No No No After  Not Early Unknown  Top Dress  Indiv 1
Korniewicz, 2005 Journal Poland Yes Yes Yes Before Early Unknown  Top Dress  Group 2
r=.32
Lehloenya et al., 2008 Journal Oklahoma No Yes Yes Before Both 2X Mixed Group 6
Luhman, 1997 Abstract lowa Yes No No Before Early Unknown Mixed Group 2
r=.21
Mangoni, 1998 Report Argentina No Yes  Yes After Both 2X Top Dress  Group 3
Nagy, 1996 Abstract S. Carolina No No No After  Not Early Unknown Mixed Group 2
Oraskovich and Linn, Report Minnesota No No No After  Not Early Unknown  Top Dress Group 4
1989
Ramsing et al., 2009 Journal Oregon Yes Yes Yes Before Early 2X Top Dress  Indiv 2
r=.5
Robinson, 1997 Journal Canada No No Yes  Before Early 2X Mixed Indiv 1
Robinson and Garrett, Journal Canada No No Yes Before Early 2X Mixed Group 2
1999
Sanchez et al., 1997 Abstract Wash. Yes Yes Yes Before Early 3X Mixed Group 2
r=.5
Schingoethe et al., 2004  Journal S Dakota No Yes  Yes After  Not Early 3X Mixed Indiv 1
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Vogel, 2005 Abstract Missouri Yes No Yes Before Early 2X Mixed Indiv 2
r=.5
Wang et al., 200¢ Journal Ohio Yes No Yes  Before Both 2X Mixed Indiv 4
r=.27
Ward and McCormick, Abstract Louisiana No No No Before Early 2X Top Dress  Indiv 1
2001
Williams et al., 1999 Report UK No No Yes After  Not Early 2X Top Dress  Group 1
Zhou, 2002 Report China No No No After Early Unknown  Top Dress  Group 1
Zilin, 1996 Report China No No Yes After  Not Early 3X Mixed Group 1
Zom, 2000 Report Netherland No Yes Yes  Before Early 2X Pellet Indiv 3

I Inclusion criteria were: the study must have evaluated at least 1 type (concentfasiao)ronercial product sold by a single company (Diamond V, Cedar
Rapids, IA), included a concurrent negative control group, randomizechéngiahssignments, conducted in lactating dairy cawd used a parallel group
design (i.e., not crossover). Additionally, the studies must hep@rted data regarding at least one of the production outcomes of interesfi§hi|i€6
milk fat,, milk fat yield, % milk protein, milk protein yield, 3.5% fat corrected mékergy corrected milk or DMI], along with a measure of variance (SE or
SD) or aP value for comparison of effects between treatment and control groups.

2 Journals represent studies from journals that are peer reviewed. Abateactsn-peer reviewed published articles and reports are companyusirynd
reports.

3 Location of the studies.

4 Studies for which the animals within the study were used in mareahe comparison and were therefore not independent of each Tilese comparisons
were combined using a fixed effect metaigsia. The combined variance was calculated using a variance inflation factor “r” (Borenstein et al., 2009a) to
account for the correlation between the animals in the study. The synibiatieffect was then entered in the meta-analysis as a single study plEsarh
complex data structures are 2 comparisons using the same controbgeotgported treatment effect reported in the same animals at different DIM.

5 Did the author explicitly declare randomization of treatments in the study
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10

11

12

13

Did the author declare some type of control for confounding in tialy stesignf.
Did the treatment of yeast culture start before or after catving

Studies that were primarily conducted in groups of cows less than 70 DIM are “Early” and >70 are “Not Early”. Studies designated Full were comparisons
that were from calving to the dry off period.

Number of times the study cows were milked in 24 hours.

The method of delivery of the treatments to the cow. Mixed is nilxedme portion of the feed such as a grain portion or TMR. digssed was fed on
top of the feed. Pellets had the treatments included in a pellet fed in the ration.

Feeding Method is Indiv if the cows were randomized and fed at théeveWand the appropriate n was used in the statistical analysis. Bdicgtes the
study appeared to randomize and feed the cows at the group levekahd imlividual cows in the statistical analysis.

Number of comparisons within the study for which a treatment effastreported.

Wang et al. had 2 separately correlated data sets on 17% NDF and on 21%NDF atineitbaper. An r of 0.27 was used for both combinations.
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analysis technique which were weights using the inverse of their variance of the data for a mean
milk difference of 1.16 kg/d and a variance of 18.23 which was entered into the mgtasasal

a single study (Borensteetal. 2009a).

Assessment of Heterogeneity

Between study variability compared within study variability whichis called the
heterogeneity of effect size was evaluated using both the chi-s@)aes{ of heterogeneity and
the 12 statistic (Higginset al. 2003). Negative values Bfwere assigned a value of zerAn |2
value of >35%, or a chi-square (Q) test with< 0.1 was considered indicative of substantial
heterogeneity. Qs a statistic thats sensitiveto the ratio of the observed variation between
studiesto the within study variation. Under the null hypothesis where all studies share a
common effect size, the Q statistic follows a central chi-squared distribution with degrees of
freedom equato k-1. A significantP value would lead on& reject the null hypothesis and
conclude that the studies do not share a common effect size. Two geoups evaluatedf
they share a common effect skagthe same methodWhen two groups are being evaluated,
cancalculate the Qasthe effect sizes of the groups of studies now instead of two studies, and
test the dispersion of the subgroup about a summary effect with degrees of freedom = 1
(Borensteiretal. 2009c).

The data were analyzed using both fixed effect and random effects models. The random
effects model was determined more approptiateeport the treatment effecés this accounts
for the impacts of study design, management and cow variation and other differestiety

conduct on treatment effects (Borenstetial. 2010).
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Publication Bias

Publication bias was assessed using funnel plots (Light and Pillemer 1984). Trim and fill
methods were uselh assess the best estimate of the unbiased effect size (Duval and Tweedie

2000).

Results and Discussion
Reports Meeting Inclusion Criteria

A total of 61 research papers (published journal articles, published abstracts, reports, and
technical reports) were providdny the manufacturer. The literature search did not find any
other papers than those provide@f the 61 studies, 36 separate studies (Table 3.1) met the
criteria for inclusion into the meta-analysis. Papers were excitideey only included positive
treatment control group@ = 17), used cross-over, Latin squarefactorial designn = 6), or
failed to report a relevant treatment eff¢nt= 2) (Appendix Table AJl Within the 36 separate
studies, there were reported 69 separate comparis@wrelations of studies (n=9) with
multiple outcomes and multiple time points were estimabechake synthetic point effects

adjust for the change variance foreachof the outcomes (Table 3.1

Heterogeneity Analysis
The analysis ofmilk yield showed a high level of heterogeneify< 40.46%) along with

a highly significant chi-square test of ® € 0.003; Table 3)2 Analysis for heterogeneitig
importantin meta-analysis becaugetests the amount of variance within the gradpstudies
comparedo the within study variation. The chi-square test aE@ test of the null hypothesis
that all the studies share a common effect size.lTbtatisticis the ratio of the between study
variation or true heterogeneity the total variance across the observed effect estimates. A high

12 suggests the difference between individual study outcasngater (or more variable) than
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Table3.2. The estimated effect of yeast culture on milk yield in lactating dairy ¢mws all studies (sub-group analysis flom a meta-analysis of yeast
culture production effects from 1988 to 2011

RMD (95% ClI)? Heter ogeneity SMD (95% Cl)3
Trials

Milk Yield (kg/d) comparisons (n) Random effect Pvalue Chi-square(Q) df Pvalue 12(%) Random effect P value
All All trials 57 1.03 (0.73t01.34, 0.001 73.90 44 0.003 40.46 0.35(0.22t00.47 0.001
Start treatmenit After 35 1.12 (0.73t0 1.50, 0.001 51.80 26 0.002 49.81 0.36(0.18t0 0.55 0.001

Before 22 0.75(0.36to 1.14, 0.001 15.85 16 0.464 0.001 0.29 (0.16t00.42 0.001
Stage of lactatioh Early 27 1.43(0.89t01.96, 0.001 52.76 26 0.001 50.72 0.36(0.22t00.50 0.001

Not Early 29 0.95 (0.67 to 1.23) 0.001 15.52 28 0.972 0.001 0.24(0.12t00.35 0.001
Delivery metho  Mixed 33 0.99 (0.69 to 1.30; 0.001 0.001 0 1.000 0.001 0.40(0.22t00.57 0.001

Top-dress 19 1.30 (0.54 t0 2.07) 0.001 24.40 14 0.041 42.63 0.31(0.10t00.51 0.004
Milking 2X 29 1.16 (0.66 to 1.66, 0.001 33.66 22 0.053 34.63 0.33(0.21t0o0.46 0.001
frequency

3X 9 0.68 (0.29to 1.07, 0.001 1.79 7 0971 0.001 0.18(0.07t0 0.29 0.002

Unknowr? 18 1.36 (0.78 t0 1.94) 0.001 18.59 12 0.099 35.46 0.43(0.03t00.82 0.036

1 Studies are stratified by various factors controlled within the study desigparting.

2 RMD is the raw mean difference of the treatment effect and its assd@i#tedonfidence interval

3 SMD is the standardized mean difference of thertreat effect. This is estimated by dividing the meifference for a study by the standard deviafiorthat
study. A random effects model was then analyzedh®rstandardized mean difference. The SMD cavidveed as a measure of overlap between 2 separate
distributions.

4 Treatment effect from all studies containing milk yield data included in the-anedgsis stratified by the start of treatment, before or after parturition.

5 Treatment effect from all studies containing milk yield data included in the amelgsis stratified by stage of lactation. Studies that were primarily
conducted in groups of cows less than 70 DIM (early), and all othdiest(not early).
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Treatment effect from all studies with milk yield data stratification by how #artrent was fed either top-dressed (fed separately on top of th@ffiethat)
total mixed ration or mixed in the total mixed ration prior to being fed tadkes.

Treatment effect from all studies with milk yield data stratified by how ofterstudy cows were milked in 24 hours.

Studies in which milking frequency for the study animals was not designéted thie study.
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expected. Excess variation may indicate more than one outsdremg measured and may not

be appropriatéo combine the studies fan average effect. The differencetreatment response

may actuallybe dueto differences du¢o other factors including breed responses aglkersey

vs. Holstein, type of ration fed, delivery method of the ration or stage of lactation. Aleina

but not exclusively, the heterogeneity cobleldueto differencesin study designs sucasthe
differencein how studies were randomized, how blinding was performedt(éll), how
confounding was controlled fan the study design, and what to experimental unit did the study
randomize the treatment? Stratification and meta-regression are two accepted methods that are
usedto evaluate the presenoé heterogeneity and al¢o examine the impact of specific groups

of studies on heterogeneity.

Milk fat yield had a high level of heterogeneity € 36.69%, Q chi-squar®,= 0.009)as
did PY (1?2 = 35.12%, Q chi-squar®, = 0.016). Dry matter intake studies had a moderate level
of heterogeneitylf = 18.33%, Q chi-squar®,= 0.185).

Stratification was usetb explore the potential sources of the high level of heterogeneity
and whether there was a statistical difference between the subgroups. The following subgroups
were explored and testeflif the study was reported peer reviewed journals or na), studies
that declared their randomization or noi) studies that stated whether confounders were
controlled or not, iv) the stage of lactation (less than 70 DIM (early) or ilatéactation,
(insufficient full lactaton trials to analyze)), v) unit of feeding was the individual cow level
and the unit of allocation weat the cow levels. having allocated the treatmeai the group
level but used the unit of measusethe cow level, vi) delivery method (top dressed versus
mixed in the feed), and vii) milking frequency (2x, 3x, or unknown). A univariate regression

analysis was performed on all subgroup covaritiésstif any of these were with < 0.2. No
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subgroup covariate met this criterion, therefore, no multiple regression model wadditted
examine these data. Subgroup analysis wastodegtif the use of estimate@ values usedo
calculateSE had any significant effect on the outcomes. There was no statistical diffemence
MY for the calculate®E from estimated values versus all othddY studies P=0.854),or for
MY peer reviewed studie$£0.98). No difference was also observed DMI (P=0.511),FY
(P=0.210), oPY (P=0.703)aswell.

The subgroup analysisf the studies showed that there was no evidence of significant
heterogeneityn published peer reviewed journalé € 0.001%, Q chi-squar®, = 0.904) (Table
3.2 and Table 3.3 and Table 3.4) comparethe data set that contained all studies. There was
no evidence of significant heterogeneity all the other subgroups used with peer reviewed
studies (peer reviewed and randomized, peer reviéyeathge of lactation, peer reviewed 3.5%
FCM, peer reviewed ECM, peer reviewed FY, peer reviewed PY, and pgaved DMI by
stageof lactation).

In contrast, all other subgroup analysis retained a high level of heterogenaityast
one of the strata. One possible explanation for the lack of evidence of significant hegtyoge
when only peer reviewed studies are analymetiecause there may be increased rigor and
control exerciseth a randomized controlled trials targeted for publication against one conducted
primarily to demonstratean effect for informational purposes. Peer review should have the
impact of requiring better control of experimental units, methods of randomization, iertioes
data, and general oversighy the investigator. Some authors have advocated only reporting
studies that are peer reviewed, relying on the peer review prasesproxy for paper quality
(Weisz et al. 1995). Other authors disagree with this approach because non-peer reviewed

papers, suclasthose from government, think tanks, consulting firms, or graduate theses, may
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Table3.3. The estimated effect of yeast culture on milk yield in lactating dairy cows from all studies (sub-group analysis 2) 1 from a meta-analysis of
studies on the milk production from 1988 to 2011.

RMD (95% ClI)? Heter ogeneity SMD (95% CIl)3
Trials/

Milk yield (kg/d) comparisons(n) Random effect  Pvalue Chi-square(Q) df Pvalue 12(%) Random effect P value
Peer reviewel No 36 1.01 (0.64t0 1.37 0.001 65.36 28 0.001 57.16 0.36(0.20t00.53) 0.001

Yes 21 1.18 (0.55t01.81 0.001 8.47 15 0904 0.001 0.32(0.14to00.50) 0.001
Randomized No 34 1.02 (0.61t0 1.43 0.001 47.70 26 0.006 45.49 0.35(0.16t00.55) 0.001

Yes 23 1.04 (0.57t0 1.50 0.001 24.19 17 0.115 29.70 0.33(0.20to 0.45) 0.001
Randomized and Yes 12 1.34 (0.51t02.18 0.002 4.62 8 0.797 0.001 0.32(0.10to0 0.55) 0.004
peer reviewetl
Control No 11 1.18 (0.14t0 2.23 0.027 15.74 10 0.107 36.45 0.28 (-0.02to 0.57 0.066
confoundef

Yes 45 0.98 (0.66t0 1.30 0.001 57.27 33 0.005 42.38 0.37(0.22t00.51) 0.001
Feeding method  Group 30 0.88(0.59t01.17 0.001 28.89 25 0.269 13.46 0.28(0.18t00.38) 0.001
group

Individual 27 1.16 (0.57 to 1.74  0.001 33.75 18 0.014 46.67 0.41(0.09t00.72) 0.011
Peer reviewed, Early 14 1.37 (0.63t02.11 0.001 6.61 13 0.921 0.001 0.36(0.17 to 0.56) 0.001
stage of lactatich

Not Early 9 0.98 (0.01t01.95 0.049 4.24 8 0.835 0.001 0.21(-0.02t00.45 0.075

1 Studies are stratified by various factors controlled within the study desigparting.
2 RMD is the raw mean difference of the treatment effect and its assd@i#tedonfidence interval.
3 SMD is the standardized mean difference of the treatment effect. This is estipaligiling the mean difference for a study by the standard davifatio

that study. A random effects model was then analyzed for the siamethmean difference. The SMD can be viewed as a measure of overlagrb@w
separate distributions.
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Treatment effect from studies with milk yield data that were published in peer reviewed journals (“yes”), and the strata of trials from only abstracts and reports
(Gkn0’7 X

Treatment effect from studies that declared some form of randomizationtoferes.

Treatment effect from studies that were both from peer reviewed journafieelated some form of randomization of treatreent

Treatment effect from studies that declared some form of control withinutthe for confounding.

Treatment effect from trials with milk yield data stratified by how the cows were fed. The “group fed” appeared to have treatments fed to pens of cows but
individual cow numbers were used in the calculation of n. The individuastfetles appeared to randomized treatments at the cow level and used an

appropriate n in the statistical calculation.

The treatment effect of comparisons with milk yield data from studasatare published in peer reviewed journals stratified by stage of lactatioresStud
that were primarily conducted in groups of cows less than 70 DIM Jearlg all other studies (not early).
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Table3.4. The estimated effect of the yeast culture on 3.5% FCM, ECM and milk canisofrom peer reviewed studies. from a meta-analysis of stuties
the milk production from 1988 to 2011.

RMD (95% CI)* Heter ogeneity SMD (95% Cl)?
Trials
comparisons (n) Random effect Pvalue Chi-square(Q) df Pvalue 12(%) Random effect P value
3.5 % FCM (kg/d) 18 1.61 (0.92 to 2.29) 0.001 7.66 14 0.906 0.001 0.37(0.19t00.56) 0.001
ECM* (kg/d) 18 1.65 (0.97 to 2.34) 0.001 9.53 14 0.795 0.001 0.38(0.20t00.57) 0.001
Milk fat (%)° 19 0.04 (-0.07 t0 0.14,  0.49 25.59 15 0.043 41.38 0.12(-0.10t00.33) 0.297
Milk fat yield (kg/dy 17 0.06 (0.01 to 0.10) 0.009 9.44 44  0.802 0.001 0.24(0.06t00.43) 0.010
Milk protein (%) 18 -0.03 (-0.07t0 0.02 0.216 16.96 14 0.258 17.44 -0.05(-0.27t0 0.17) 0.672
Milk protein yield (kg/d¥ 16 0.03 (0.00 to 0.05) 0.026 8.40 13 0.817 0.001 0.24(0.05t00.43) 0.014

1 RMD is the raw mean difference of the treatment effect and its assd@i@#edonfidence interval.

2 SMD is the standardized mean difference of the treatment effect. This is estimaigiling the mean difference for a study by the standard devifation
that study. A random effects model was then analyzed for the staethrdean difference. The SMD can be viewed as a measure of overlaprb2twee
separate distributions.

3 Peer reviewed studies with FCM data or sufficient data to calculate FCMchuded in this data set3.5% FCM = (Milk Ib x 0.432) + (Fat Ib x 16.216)
(Dairy Records Management Systems, 2006).

4 Peer reviewed studies with ECM data or sufficient data to calculate ECM are intlutiesddata setECM = 0.327 * milk Ib + 12.97 x fat lb + 7.21xprotein
Ib (Tyrrell and Reid, 1965).

5 Only trials with milk fat % data or sufficient data to calculate milk fat % febugies published in peer reviewed journals are included in thiselata
5 Only trials with milk fat yield data or sufficient data to calculate milk fat yieldhfetudies published in peer reviewed journals are included in thisetata
Only trials with milk protein % data or sufficient data to calculate milk prétefrom studies published in peer reviewed journals are includbdsidata set.

8 Only trials with milk protein yield data or sufficient data to calculate milk protigild from studies published in peer reviewed journals are included in this
data set.
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not be published but coulde studiesof high quality (Borensteiret al. 2009b). A further
contrasting viewis that studies publishedh peer-reviewed journals represent a bafs
publishing papers with a higher treatment effdct.this meta-analysis, there wase statistical
differencein treatment outcome between studies that were peer reviewed tlezsonsn-peer
reviewed studiesR > 0.20). However, there was a substantial differeincéhe level of
heterogeneity. A high levelf heterogeneity suggests that combining the resiiltse dataset
may notbe appropriate, therefore only the treatment effects from the studuishrdin peer-

reviewed journals were reported.

Production Outcomes

Adjustments were mada the estimateto account for multiple treatment comparisons
a single control groum a trial accordingo methods describdaly Borenstein (2009a)We note
that there are limitationto this methodas the estimates of correlations between groups and
among groupsanbe flawedby the lack of essential data calculate a correlation. Howevdr,
was considered that the method should be explored and used rather than ignore the clustering
effects within study, which would give a less accurate estimate of variance.

Studies publishedh peer reviewed journals reported that treatment with yeast culture
increased thé1Y 1.18 kg/d (95% CI, 0.58 1.81), while studies that were both peer reviewed
and stated their randomization had a yeast culture treatment effect of 1.34 kg/d|(%b5%d (©
2.18), (Table 3.3; Figure 3.1

Yeast culture supplementation increased 3.5% FCM by 1.61 kg/d (95% CI, 0.92 to 2.29)
and 1.65 kg/d (95% ClI, 0.97 to 2.34) for ECM (Table 3M)lk fat yield and PY results showed

significant treatment effect with 0.06 kg/d® (= 0.009) and 0.03 kg/dP( = 0.026);
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Mik Yield Peer-Reviewed Studies

Study narre Statistics for each study Sanple size Std diffin means and 95%Cl
Stddif  Standard  Lower  Upper
in means error limit limt p-Value Control Treated
Arambel and Kent, 1990 -0.316 0450 -1.198 0.566 0.48210 10 =
Wang et al., 2001 - Syn 17%NDF -0.265 0410 -1.06953®. 0518 12 12 &
Schingoethe et al., 2004 0.101 0325 -0535 0.738 0.7539 19 —a—
Lehloenya et al., 2008 - Prim 0.114 0.646 -1.152  1.3800.860 4 6
Harris et al., 1992 0.227 0334 -0.428 0.883 0.49718 18 —_—
Cooke et al., 2007 0.241 0449 -0639 1121 0.59110 10 =
Dann et al., 2000 -Syn 0.272 0322 -0359 0.903 0.39819 20 —a—
Robinson - Garrett, 1999 - 2 0.279 0394 -0493 1.052 7904 13 13 =
Erasnus et al., 2005 - 1 0.344 0368 -0377 1.065 0.35a5 15 _—
Robinson, 1997 0.354 0.388 -0.407 1.115 0.36213 14 =
Alshaikh et al., 2002 0.396 0.202 0.001 0.792 0.05050 50 —B—
Erasnus et al., 2005 - 2 0.430 0369 -0294 1.154 0.2445 15 B
Wang et al., 2001 - Syn 21%NDF 0.520 0415 -0294 3313 0210 12 12 =
Lehloenya et al., 2008 -Multi 0.572 0.618 -0.638 1.783 .359 6 5
Robinson - Garrett, 1999 - 1 0.596 0482 -0.348 1540 1602 9 9 &
Rarrsing et al., 2009 - Syn 0.831 0.314 0.215  1.447 0.00&2 22 —a—
0.321 0.091 0.143 0.499 0.000 2
-2.00 -1.00 0.00 1.00 2.0(

Figure3.1. Forest plot of random effects SMD for milk yield. Only studies publishgaber reviewed journals are represented. The black squaresanett
plot represent the weighting (by inverse variatfioejhe represented study. The horizontal baressmt the 95% CI for the study. The diamond figure
center represents the standardized mean and ttieofithe diamond represents the 95% CI of thealvzeatment effect. The outcome to the right of
an imaginary vertical line through 0 representsarease in milk fat yield.
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Table 3.5, Appendix Figure .2 and Figure A3) respectively. Although individual studies,
showed non-significance results as demonstrated by the horizontal lines which represent the 95%
CI within forest plots, the consistency of a positive treatment effect is evident for both summary
statistics.

Dry matter intake was considereal priori to be heterogeneous between studies
conductedin early lactationvs. late lactation. Sub-group analysis of DMI for studiegpeer
reviewed journals (Table 5) showed significant treatment effects when stragfibe stage of
lactation. During the early lactatigg 70 DIM), DMI increasedy 0.62 kg/d (95% ClI, 0.21o
1.02,P = 0.003) and during the late lactation studies, there was a significant decinerage
DMI (0.78 kg/d; 95%CI -1.36t0 -0.21;P = 0.001). The forest plot of DMI results (Figure 3.2)
shows evidence of heterogeneity which could be tdute stage of lactation. The charige
DMI in early lactation may ban opportunity for nutritionists and farm consultatdsmodify
DMI of cows during the critical period of transitida increase intakes and possibly ad
transition health (Huzzegt al. 2007). Decreased DNh later lactation along with increasing

milk production will increase the efficiency of milk production.
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Table3.5. The estimated effect of yeast culture on DMI for peer reviewed studiesafroata-analysis of studies on the milk production from 1988 th.201

RMD (95% Cl)* Heter ogeneity SMD (95% Cl)?
Dry matter intake (kg/d) Trials(n) Random effect Pvalue Chi-square(Q) df Pvalue 12 (%) Random effect P value
Early 12 0.62 (0.21t0 1.02) 0.003 7.39 11 0.766  0.001 0.35(0.15t0 0.55) 0.001
Stage of Lactatioh
Not early 7 -0.78 (-1.36 to -0.21° 0.008 511 6 0.530 0.001 -0.33(-0.57t0-0.08 0.009

1 RMD is the raw mean difference of the treatment effect and its assd@itedonfidence interval.

2 SMD is the standardized mean difference of the treatment effect. This istedtigadividing the mean difference for a study by the standard deviation
that study. A random effects model was then analyzed for the standambaeddifference. The SMD can be viewed as a measure of overlagebetw
separate distributions.

3 All trials that are from studies published in peer reviewed journals nowgairy matter intake data included in the meta-analysis stratified by atage
lactation. Studies that were primarily conducted in groups of cows les3@HamM (early), and all other studies (not eqrly
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One important biag meta-analysis studiesthe impact of publication bias. Although a
meta-analysis will yield a mathematically accurate synthesis of the studies indfudiee
analysisjf these studies are a biased sample of all relevant studies, the mean effect cbynputed
the meta-analysis will reflect this bias (Borenstetal. 2009b). The reasons for not having all
relevant studiesn the meta-analysis could be the tendency for negative trials and or small
negative trials noto get published eithdry editorial bias or authors tending not be interested
publishing papers with negative results (Hopewéekl. 2009). Another reason for publication
bias could be the tendency for reports produced fdyyathe “industry’ to only be favorable
thereby increasing the magnitudiepublication bias towards the treatment effect of paipettse
public domain (Rothstein, Sutton, and Borenstein 2005, Wellman &dn@or 2007).In this
study, the treatment effects were studied with and without the industry reports and abstracts.
Although the industry reports added much more heterogetwithie analysis, they did not
increase the reported treatment effects$.is possible the small non-significant increase
treatment effect observed the published studies could be editorial bias for publishing positive

studies.
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Dry Matter Intake, Peer Reviewed by Stage of Lactation

Group by Study name Statigtics for each stud Std diff in meansand 95% Cl
Stage of lactation 2 i
Std diff  Standard Lower Upper

in means error  Variance limit limit Z-Value p-Value
Early Erasmuset al., 2005 - 1 -0.161 0.366 0.134 -0.878 0.556 -0.441 0.659 ——1—
Early Wang et al., 2001 - 1-17% NDF  0.105 0.409 0.167 -0.696 0.906 0.257 0.797
Early Ramsing et al., 2009 - 4X 0.197 0.302 0.091 -0.396 0.789 0.651 0.515 ——
Early Robinson, 1997 0.284 0.387 0.150 -0475 1.042 0.733 0.464
Early Erasmuset al., 2005 - 2 0.290 0.367 0.135 -0429 1.010 0.791 0.429 -
Early Ramsing et al., 2009 - 1X 0.351 0.304 0.092 -0.244 0.947 1155 0.248 ———
Early Robinson - Garrett, 1999 - 2 0.438 0.397 0.158 -0.340 1.216 1.104 0.270
Early Robinson - Garrett, 1999 - 1 0.477 0.478 0.229 0460 1.414 0.999 0.318
Early Dann et al., 2000 - 3 0.496 0.325 0.106 -0.141 1.134 1526 0.127 &
Early Wang et al., 2001 - 1-21% NDF  0.499 0.415 0.172 -0.314 1.311 1.203 0.229
Early Dann et al., 2000 - 2 0.590 0.327 0.107 -0.051 1.232 1.803 0.071 =
Early Dann et al., 2000 - 1 0.590 0.327 0.107 -0.051 1.232 1.803 0.071 -
Early 0.350 0.103 0.011 0.148 0.552 3.394 0.001 ‘
Not Early Hariset al., 1992 -0.776 0.346 0.119 -1.453 -0.098 -2.245 0.025 _—tl—
Not Early Alshaikh et al., 2002 -0.397 0.202 0.041 -0.793 -0.001 -1.964 0.049 ——
Not Early Wang et al., 2001 - 2-17% NDF  -0.367 0.412 0.169 -1.174 0.439 -0.893 0.372 -
Not Early Cooke et al., 2007 -0.339 0.450 0.203 -1.222 0.544 -0.753 0.452
Not Early Schingoethe et al., 2004 -0.280 0.326 0.106 -0.919 0.359 -0.859 0.390 ———
Not Early Arambel and Kent, 1990 -0.053 0.447 0.200 -0.929 0.824 -0.118 0.906 |
Not Early Wang et al., 2001 - 2-21%NDF  0.341 0.411 0.169 -0.465 1.147 0.830 0.407 =
Not Early -0.327 0.125 0.016 -0.572 -0.082 -2.617 0.009 D

-2.00 -1.00 0.00 1.00 2.00

Meta Analysis

Figure3.2. Forest plot of random effects SMD for DMI. Only studies published in peer reviewed journals are represented.
studies are further stratified by studies that veemeducted in early lactation, (<70 DIM) versus eatly lactation (all others). The black squarethe
forest plot represent the weighting (by inversearare) for the represented study. The horizontal fegresent the 95% Cl for the study. The diamond
figure center represents the standardized meathandidth of the diamond represents the 95% Chefdverall treatment effect. The outcome to the
right of an imaginary vertical line through O reggats an increase in DMI and to the left of Odeerease in DMI.
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The funnel plotis an accepted method used visually investigatef thereis a relationship
between study size and effect size. This method plots the treatment effect thgastandard
error. There should be a normal distribution around the true effect size thahel shapeas
smaller studies are added the graph. In addition, combining the funnel plot with the non-
parametric trim and fill procedure allows oteeestimate the impact that theoretically missing
studies could have on the mean difference (Duval and Tweedie BP@8noving studies that

are not“balanced on the opposite side of the funnel plot. A new treatment efewticulated

and then added back along with the hypothetical studies that would balance out theéofunnel
form a new estimate. The funnel plot of KIY outcomess shown with the trim and filln
(Figure 3.3). The funnel plot appeadcsbe imbalanced with possibly several smaller studies
missing suggesting possible publication bias. The trim and fill method helps visualize these
missing studies (representby the black solid dots). Another explanation for asymmitrihe
funnel plots could be dum® the heterogeneitin the studies includeih the analysis (Rothstein,
Sutton, and Borenstein 2005lf. the treatment effect for the studies represented a distribution of
studies instead of one true point effettgould be representeas a distinct grouping of studies

on the funnel plot, which may indicate the presence of publication bias. The funnel plags of pe
reviewedmilk results (Figure 3.4) show a more symmetrical outcome with no imputed studies

(black solid dots), which indicates a lack of evidence for publication bias.
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Figure 3.3.

Standard Error

Funnel Plot of Standard Error by Std diff in means
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Funnel plot of the standardized mean difference (SMD) of studies (aingiigs) from all studies with milk yield data, meeting the critarige
included in the meta-analysis of the treatment effégeast culture on milk yield from from 19882611. The solid dots are the potentially missing
studies imputed from the trim and fill methadugal and Tweedie 2000). The open diamond represents the mean plus conéideterval of the
existing studies and the solid diamond represdmsttean and confidence interval if the theoreticafiputed studies were included in the meta-
analysis. The funnel plot represents potentiallyaa bward publishing favorable studies. The bldieknond shows with missing studies added, the
treatment effect is still within the 95% confidericeerval of the current data set. The unbalanoadd| plot may also be indicative of heterogensdity o
the treatment effects in the data set.
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Standard Error

Figure 3.4.

Funnel Plot of Standard Error by Std diff in means
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Funnel plot of the standardized mean difference (SMD) of treatment coommaiiesmpty circles) from studies published in journals only,
representing the treatment effect of yeast culture on milk yield frorata-amalysis of studies on the milk production from 1988 td 2Uhere

are no potentially missing studies which would é&gresented by black dots using the trim and fithoe of analysis@uval and Tweedie 2000). The
open diamond represents the mean plus confideter@ahof the existing studies and the solid diathmepresents the mean and confidence interval if
the imputed studies were included. This funnel gfmws there is no evidence of bias from potewptiaissing studies.
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Conclusion Chapter 3

This meta-analysis over a wide range of studies, designs and sub-group analysis,
demonstrated feeding of this commercially available yeast cuitutactating dairy cowsas
evaluatedin production settings typical for commercial dairies will increase production
performancef lactating cows. The results indicate th&t is increasedaswell asFY and PY,
which resultedin higher ECM. With the increase the saleof milk based on component
pricing, this will provide additional optiort® nutritionists and dairymeim the development of
feeding programs. Increased DMI (0.62 kg/d) during early lactatidactating dairy cows
supplemented with yeast culture will assist the dairy consultants and farm staff concerned with
early lactation health, which often associated from declineDMI of lactating cows. The
decreasein DMI in late lactation representan opportunity to gain efficiencyin ration
formulationin a high feed cost environment. Furthermore, utilizing meta-analytic methodology,
specifically on one product, provides animal scientists aithffective toolto better understand
treatment effects of interventions. This outcome may not have been achieved using smaller
single studies or studies that combine dissimilar products into a single review that does not
examine the heterogeneity attributaktie differencesin treatments. The assessment of
heterogeneityis an important procesgén meta-analysis and allows @ better understand the
effects of different study designs and management factors that may alter the infdeeas

from the study.
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CHAPTER 4

A META-ANALYSIS OF THE EFFECTS OF FEEDING OF
COMMERCIALLY AVAILABLE ACTIVE DRY YEAST PRODUCTS
OF SACCHAROMYCES CEREVISAE ON MILK PRODUCTIONOF

LACTATING DAIRY COWS

Chapter 4 Executive Summary

The purpose of this study was use meta-analytic methods on previously published
randomized control trials (RCT) estimate the effect of commercially available active dry yeast
products onmilk production and other production measuneslactating dairy cows. Four
hundred ninety-seven published research articles were initially identified thaougllectronic
literature search using 5 computerized search engines. Each paper was etatieterdingf
the trials contained the criteria requiredbe utilizedin this study. Each trial utilizeth the
study hado be a randomized control trial, be published independently, be writEemglish, and
be a lactating cow study. A trial was includédhe product being evaluated wasactive dry
yeast product only (verses a control) and repariikl yield, milk fat, milk protein, fat corrected
milk, energy correctednilk or dry matter intake. The trial descriptions hadhave enough
detailto evaluate the experimental methods and have informatienaluate the variance of the
study. Trials were not includefitheywere cross over design studies. Twenty-two papers with
25 comparisons met the final criteria for inclusinrthe meta-analysis. These studies evaluated
active dry yeast products from 7 different companies and were conduncte8 different
countries. A random-effects meta-analysis showed there was high heterogenledystudy

outcome formilk yield makingit an unreliable outcoméo report. One sub-group analysis
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identified an area of heterogeneitp be study location (in North America versus outside North
America). Milk yield for the 7 studies conductedNorth American was0.49 kg/d versus 0.96
kg/d for 13 studies conducted outside North America. The mean diffarentlk fat yield was
0.05 kg/d and there was a numerical differemaailk protein yield of 0.02 kg/dNo difference

in dry matter intake was observed.

The use of funnel plots indicates possible publication ipidke published studies and
could account for the large amount of heterogeneity observdatle outcomes of interest,
particularly when study locations (North America, vs. outside North America) are plotted
separatelyn the funnel plots.

Meta-analysis results show a production effect for active dry yeadéstating dairy
cows, but the high level of heterogeneity indicate a high degree of varianceséukst further
explorationto provide confidencen trial results.

Key words. Active dry yeast, meta-analysis, lactating dairy cow

I ntroduction

Yeast products are common ingrediemsanimal feed around the worldin lactating
dairy cattle, yeast products have been thotglnprove production ofmilk yield (MY), milk
fat yield (FY), andmilk protein yield(PY). Yeast products have also been thoughtnprove
energy correctednilk (ECM), which is a more representative biologically derived parameter
that includes the components MY, FY, @4 and would be more representativeanfeconomic
parameter more closely aligned with value creatiorthe dairy producer. Although yeast
products have been fed to dairy cows for more than 70 yearsjgimcenclusive evidencasto
their effectiveness. One possible reason for ambigsiitiye result of having 2 broad classes of

yeast products with different putative modes of action that are often not differentiatesl
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literature (AAFCO 2011) Yeast cultures, a product thgtroduced through yeast fermentation,
contain fermentation end products and are not dependent on viability of the yeast for their
physiological effects. These fermentation products contain compounds that affect the growth of
various types of rumen bacteria and protozoa (Wiedmeier, Arambel, and Walters 1987, Harrison
et al. 1988, Callaway and Martin 1997). These end productSaatharomyces cerevisiae
fermentation could be compared other similar productsn commercial use derived from
bacteria or fungus, sudhs Penicillin from Penicillium fungi, Avermectins fronStreptomyces
avermitilis, and Monensin fromS&reptomyces cinnamonensis. In contrast, active dry yeast
products ADY) are products thdty definition must contain greater than 15 billion live yeast
cells/g (AAFCO, 2011). The effect of active dry yeast prodiscéssumedo be dependent on
the yeast cell being alivia the rumen (Dawson, Newman, and Boling 1990, Newbold, Wallace,
and Mcintosh 1996). The mode of actisranimportant consideration for the production effect
of active dry yeast products. The viability of commercial product containing yeasbbarue
shownto be highly variablen viability andto die rapidlyin storagean temperatureasmoderate
as40 degrees centigrade (Sullivan and Bradford 2011).

A recent meta-analysis of one commercial yeast culture (Peppy. 2012) utilized
meta-analytic methodologyp examine 36 separate random controlled triRIST) studies with
69 separate comparisots examine the production outcomes lactating dairy cattle. This
meta-analysis of yeast culture shemlil.65 kg/d (95%CI1 = 0.97to 2.34,P = 0.001) differencén
ECM over control cows. Utilizing similar methodologyto examine and review a complete
comprehensive set of published information on active dry yeast woulth @icbviding for a
more compete elucidation of yeast products on lactating dairy cattle. This evaluation would aid

the animal scientist, nutritionist, and dairy managerpredicting production response
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commercial yeast products. Therefore, the primary purpose of this study evasally review

all relevant research of commercially available active dry yeastamedtimate the effect of
active dry yeast on MY, FY, PY, ECM, and dry matter intdB® () of dairy cattle using meta-
analytic methods. A secondary objective wasexamine the differences treatment effect and

heterogeneityf various study characteristics that might alter the observed production response.

Materials and Methods
Literature Search

Electronic literature searches PubMed (1950to present), CAB (19730 present),
AGRICOLA (1970to present), ScienceDirect (199 present), andVeb of Science (190@0
present) were conducted. Terms that described the population, outcomes and tresHtments
interest were identifieth the PubMed MESH database. Boolean terms were tosesimbine
terms within a string (OR) and between strings (AND) taneikclude terms (NOT).

The search strings used was follows: [ruminant* OR cow* OR cattle OR bovine]

AND [lactati* OR postpartumOR milk OR dairy] AND [yeast OR “yeast culturé OR
Saccharomyces OR Saccharomyces cerevisiag] AND [“dry matter intaké OR “energy corrected

milk” OR “milk yield” OR “milk fat” OR “milk proteiri’] NOT [goat]. Retrieved citations were
storedin reference management software (EndNoteWeb, version 3.5). Duplicate citations were
removedby electronic and hand scanninfithe database. When multiple instanctthe same
citation were identified, the most complete citation was retained.

Hand searching of the reference lists of relevant paperscamakictedas the review
progressed. Two reviewers (Poppy and Ruple-Czerniak) evaluated the reference list and
identified potentially relevant citationslf the electronic search did not capture the citatiton,

was addedo the reference management software.
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Relevance Screening

A relevance screening was conductedrapidly remove citations not relevatd the
review, as the literature search process was highly sensitive, with low specifigtigible
studies were primary research papers (peer reviewed journal articles) that reported thefeffec
feeding live or active dry yeasi lactating dairy cows.Two levels of relevance screening were
used. For level 1 relevance screening, each abstract foutite database search was reviewed
independentlypy two reviewers (Poppy and Ruple-Czernialkbstracts advanceis the second
relevance screenirifyboth reviewers agreed the abstract described primary research puislished
English pertainindo the effects of live or active dry yeast milk productionin dairy cows oif
the abstract did not include enough informatiordetermine eligibility. The second relevance
screening was conductely the same reviewers using the full published journal article
whereupon the study was advantedhe final review utilizing the full manuscript for analysis

of appropriate methodology for final inclusion (Figure)4.1

Inclusion Criteria

Citations advancedo the final level of the reviewf the journal article met all the
inclusion criteria for the final analysisThe final inclusion criteria were the study had to:irbe
English, be conducted using lactating dairy cattle, evahraéetive dry yeast product, include a
concurrent negative control group, utilize randomized treatment assignments and usela parall
group design (i.e., no crossover studies). Additionally, studies must have reported restults of
least one of the production outcomes of interest: MY, ECM, pengktfat (F%), FY, percent
milk protein P%), PY, 3.5% fat correctenhilk (3.5% FCM), or DMI, along with a measure of
variance (standard error or standard deviation) Brvalue for comparison of effects between

treatment and control groups. The study toaorovide enough informatioto establishf it met
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the criteria for inclusion and be published an independent study (peer reviewed journal
article). Studies publishdanly a commercial compamsaninternal report or advertisement were
excluded.

Citations identified using search :

¢ [ruminant* OR cow* OR cattle OR bovine] AND [

e lactati* OR postpartum OR milk OR dairy] AND

e [yeast OR “yeast culture” OR Saccharomyces OR “Saccharomyces cerevisiae’] AND

e [“dry matter intake” OR “energy corrected milk” OR “milk yield” OR “milk fat” OR “milk protein”]

e NOT [goat].
e Total articles retrieved (n=841)

Duplicate citations excluded (n=345)

Abstracts reviewed for assessment of inclusi
or exclusion (n=496)

Abstracts excluded that did not meet t
criteria (n=401)

Full text articles reviewed (n=84)

Full text articles excluded did not meet tt
criteria (n=62)

Articles qualified to be included in the revie
(n=22)

Figure4.1. Flow diagram of search methodology and results from a reviestiofes targeting published studies
on active dry yeast and its effect on milk production and DMI in dawysco

Satistical Analysis

Meta-analysis was conducted using the methods deschipefHiggins and Green
2008a). Statistical analysis was conducted on the extracted production data using

Comprehensive Meta-Analysis version 2.2.050 ( (2008) Biostat, Englewood, New Jersey) and
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(Stata/IC 2012); StataConp. 12.1 College Station[X using the metan routine (Sterne 2009)
Studies were weighted using the methods of inverse variance (DerSimonian and LairdIfL986).
the selected studies did not report measafeariance of the interested outcomes, estimates of
variability were extracted from the papers using the methods desbytiRdbieeet al. (Rabiee

etal. 2010). If the trial only reported a Z statistic Brvalue, the estimates f&E andSD were
calculated using the differenae the mean and the number of cows for each trial (Higgins and
Green 2008a). For studies that only reported significance retatavgiven alpha cut-point (i.e.

P <0.05), the value listed was ustdmake a conservative estimateS# and SD. For studies

that only reported a non-significant effeét,values of 0.15, 0.3, and 0.5 were assigned and
compared numericallip eachother. TheP value that produced the smallest (most conservative)
estimate of the overall treatment effect was selected for the calculationQi ($&anchezt al.

2004). If F%, FY, P%, PY, 3.5% FCM (Dairy Records Management Systems, 2006), and ECM
(Tyrrell and Reid 1965) were not reported, estimates of these parameters were calculated. The
variance used for the calculated missing value was the variance for the corresponding outcom
statistic from the same trial (F% from FF¥FY from F%,PY from P%,P% from PY and 3.5%

FCM and ECM from MY). Continuous data were analyzed both using the raw mean dédferenc
(RMD) for both fixed effect and random effect models describedby Borensteinet al.
(Borensteiret al. 2010) foreachstudy outcome anasa standardized mean differenGM(D) as
describedby Leanet al. (Leanet al. 2009). Differences study designs or production system
characteristics that were considegepriori to influence trial outcomes or where a high level of
heterogeneity asobserved were explored using stratification for comparison of these sub-group
comparisons. Sub-group analysis were conducted only when a minimum of 5 compadasons w

available for inclusionn the analysis. Meta-regression of the variables was performed utilizing
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STATA (2012; StataCory. 12.1 College Station, TX) witeachsubgroup first analyzeth a
univariable analysis. Any variable subsequently fotmbe statistically relatetb the outcome

with a wide thresholdR < 0.20) were entered into a multivariable meta-regression model. The
variables includedh the screening werié the study was conduct@a North America NA) (yes

or no), total CFU of ADY fedas a continuous variables, stage of lactation (early < 70 DIM
versus all studies), average DB start of trialasa continuous variable, number of times cows
were milked per day, fedsa total mixed ration (TMR; yes or no), brandA®Y (brandX; yes

or no), primiparous cows (yes or no), multiparous (yes or no), Holstein breed (yeg, or

Friesian breed (yes or no), aidhe ADY was top dressed on the feed (yes or no).

Assessment of Heterogeneity

Heterogeneity of effect size (between study variability compacedvithin study
variability) was evaluated using both the chi-square test of Q for heterogeneihe#hstatistic
(Higginsetal. 2003). Negative values |> were assigned a value of zewan 1% value > 35% or
a chi-square test of Q with< 0.20 was considered indicative of substantial heterogeneity.

The Q statistidés a parameter thas sensitiveto the ratio of the observed variatitmthe
within study variation. Under the null hypothesis where all studies share a commarsieéec
the Q statistic follows a central chi-squared distribution with degrees of freedonteital A
significantP value would lead ont reject the null hypothesis and conclude that the studies do
not share a common effect size and therefore should not be repsrethean effect. Two
groupscan be evaluatedf they share a common effect siag the same method. When two
groups are being evaluated,ifcalculatedasthe effect size of the groups of studies instead of
two studies. The dispersion of the subgroup about a summary etfacthen be tested with

degree®f freedom = 1 (Borenstekt al. 2009c¢).
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The data were analyzed using both fixed effect and random effects models. The random
effects model was determined more approptiateeport the treatment effecés this accounts
for the impacts of study design, management and cow variation and other differesttaty

conduct on treatment effects (Borenstetal. 2010).

Publication Bias

Publication bias was assessed using funnel plots (Light and Pillemer 1984). Trim and fill
methods were uselh assess the best estimate of the unbiased effect size (Duval and Tweedie

2000).

Results and Discussion
Reports Meeting Inclusion Criteria

Four hundred and ninety six papers were initially identified utilizing the search criteria
and presented for relevance screening. The initial database search was desayreghly
sensitive, low specificity seardo all relevant studies would be identified. After both relevance
screenings were conducted only 22 studies with 25 comparisons remained for comparison.
Papers were excluded from this study because the study was not writsglish, had no
negative controls, and evaluated yeast products along with another inclusiaseuzlgmes or
minerals or protein sources. Man§ the rejected papers were conducieditro, were yeast
culture studies, or were conducted using species other than lactating dairy cows.

In the initial inclusion criteria, failuréo appropriately use pessan experimental uniin
the statistical variance calculation when the treatment wasttbeé pen level did not disqualify
the study. The authors wishtmlanalyzeif using the inappropriate experimental unit biased the
outcome of the study. Randomizatiaithe treatment levas a critical criterion of study design

in RCT. Evenf the researcher felt that pen would have no confounding effect on the owftome
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the studyit is unknown confounders th&CT trials are designetb prevent. In additionto not
knowing if pen produced confounding the data,in a meta-analysis, the pseudo-replication
resulting from inappropriately counting of coves the experimental unit would artificially
increase the precisioaf the study. Meta-analysis weights studi®sthe inverse variance,
therefore, covasthe experimental unit would mathematically overweight the value of the study
in the summarized reportOf the ADY papers identifiedn the systematic review, 5 of the
studies (Garget al. 2000, Alshaikhet al. 2002, Lethbridge, Margerison, and Parfitt 2007,
Cakirogluet al. 2010, Ondarzat al. 2010) calculated the varianaethe cow level, but applied

the treatmenat the pen level. The appropriately designed studies had aMiéatifferenceof

0.81 kg/day (95%I = 0.27to 1.54). The 5 group fed studies hal'¥ difference of 1.20 kg/d
(95%CI = 0.24t0 2.17). The difference between the group fed and individually fed studies (chi-
square with Idf) was not significantR = 0.16). The studies utilizing the inappropriate variance

were eliminated from the final analysis leaving 17 studies and 20 comparisons (Table 4.1

Heterogeneity and Production Analysis

The analysis oMY showed substantial heterogeneity/£ 40.12%)aswell asa highly
significant chi-square test of @® (= 0.03). Within a meta-analysis, the heterogenisitgn
important evaluation because a high level of heterogernéity35% or a Q test witR < 0.10)is
an indication that the treatment effeis possibly reporting more than one distribution of
outcomes within the analysisThe Q tesis a test of the null hypothesis that the studies share a
common effect sizeThereforejf heterogeneitys identified, a subgroup analystanbe usedto
try to identify characteristics of the studies that are contributing the heterogehattgy not be
appropriateto report treatment effects with heterogena/they may misrepresent the true

treatment effect (Kent 2010)ln this study, the only sub-group that yielded low heterogeneity
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Table4.1l. Estimated effect of active dry yeast on milk yield in lactating dairy c®asdom effects of the raw mean difference and stratified by subgroup
from a meta-analysis of papers 1991 to 2010.

RMD? Heter ogeneity
Tau
Milk Yield (kg/d) Trialscomparisons(n) Random effect (95% CI) Pvalue Chi-square(Q) df Pvalue 12(%) Squared
All All trials 25 0.94 (0.42to 1.45) 0.001 46.55 24 0.004 484 0.65
Group 5 1.21 (0.25t0 2.16) 0.013 12.83 4 0.012 68.83 0.65
Feeding Group Individual 20 0.813 (0.19to 1.46) 0.010 31.78 19 0.033 40.12 0.69
Difference between Group and Individual 1.93 1 0.164
No 13 0.96 (0.10t0 1.83) 0.029 30.39 12 0.003 59.5 1.24
North American
Study Yes 7 0.49 (-0.45t0 1.43) 0.307 1.40 6 0954 00 0.0
Difference between Location of Study 0.41 1 0524
Early 13 1.10 (0.26 t0 1.94) 0.010 19.42 12 0.079 38.2 0.80
Stage of Lactatiof®  Not Early 7 0.40 (-0.48 to 1.27) 0.374 9.29 6 0158 354 045
Difference between Stage of Lactation 0.25 1 0.610
No 10 1.27 (0.72t0 1.80) 0.001 5.66 9 0.773 0.0 0.0
gfognD”;ifia' Brand X yes 10 0.35 (-0.89 t0 1.59) 0.577 19.03 9 0025 527 172
Difference between Brand of ADY 1.98 1 0.159

1 RMD is the raw mean difference of the treatment effect and its associgeddhfidence interval.

Studies were grouped for analysis based on if matched the experinréntaltbe variance in the statistical analysis. If treatments were fed taganwas
analyzed to pen. If treatments were fed to individual cows, data wazeddaty cow. Studies that fed to pen and analyzed to cow were classifiedips gro
and removed from subsequent analysis because of the under esthatoance.

The analysis only contains data from herds which used the prapance (studies classified as individual studies in the Feeding Group Yes subgroup)

104



4 Analysis classifies subgroup for the study being conducted in North Anf¥eszor No).
5 Treatment effect stratified by stage of lactati®udies that were primarily conducted in groupsaafs less than 70 DIM (early) and all other stsidiet early).

6 There was only one commercial brand of active dry yeast (ADY) withgémials to analyze for meta-regression (Brand X: yes or no).
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was the study was conduct@&A (Canada or United States) versus motNA. Studies
conductedn NA (7 studiesMY = 0.49 kg/dP = 0.307) hacnl? = 0.0% and Q chi-squard=
0.954. Studies conducted outsideNsk (13 studiesMY = 0.96 kg/d,P = 0.029) hadan |12 =
59.5% and Q chi-squard®d = 0.003 (Table 4)1 The SMD showed a similar result with the
studies conducteith NA showing low heterogeneity?(=0.0%) and aMY of 0.04 P = 0.606)
and those conducted outside A high heterogeneityl{ =45.0%) with aMY of 0.38 P =
0.053) (Table 42 The forest plots for the RMD and the SMD stratifieg study location
visually show the difference variation between the two subgroups (Figure 4.2 and Figuye 4.3
While the outcomes for 3.5 % FCM and ECM only had moderate heterogeheitp (29
% and 25.8 % respectively) (Table 4.3 and Table 4.4) the reported outoetwesn the different
subgroup stratifications were very different. The studies conductéd reported no significant
changean 3.5 % FCM or ECM while the studies conducted outsidgAfreported 1.20 kg/d(=
0.001) and 1.19 kg/dP€0.003) for 3.5 % FCM and ECM respectively (Table 4.3 and Tab)e 4.4
When MY, 3.5% FCM and ECM were stratifibg Early (< 70 DIM) and Not Early>
70 DIM) lactation, there was high heterogeneityall groups (Table 4.10 Table 4.4)so this

stratification was not successfalidentifying where the variation was originating.
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Tabled4.2. The estimated effect of active dry yeast on milddiin lactating dairy cow from a meta-analysis gered on studies published from 1991 to 2010.
Random effects of the standardized mean diffefesme stratified by subgroup.

SM D? Heter ogeneity
Tau
Milk Yield (kg/d) Trialscomparisons(n) Random effect (95% CI) Pvalue Chi-square(Q) df Pvalue 1%(%) Squared
All All trials 25 0.29 (0.10t0 0.49) 0.003 48.70 23 0.002 50.50 0.09
Feeding Group Group 5 0.53 (0.01to 1.06) 0.045 18.84 4 0.001 78.40 0.24
Individual 25 0.21 (0.01t0 0.42) 0.042 29.40 18 0.084 32.10 0.06
Difference between Group and Individual 0.53 1 0.465
North American No 13 0.38 (-0.04 t0 0.77) 0.053 22.69 12 0.039 45.0 0.20
Study* Yes 7 0.04 (-0.12t0 0.21) 0.606 2.14 6 0.890 0.0 0.0
Difference between Location of Study 1.68 1 0.200
Stage of Lactatioi?  Early 13 0.33 (-0.01t0 0.67) 0.05 16.9 12 0.155 2838 0.10
Not Early 7 0.12 (-0.12t0 0.36) 0.33 9.36 6 0.154 35.9 0.03
Difference between Stage of Lactation 0.77 1 0.380
Commercial Brand X No 10 0.21 (0.01t0 0.63) 0.018 17.39 9 0.043 483 0.08
of ADY?¢ Yes 10 0.05 (-0.26 t0 0.36) 0.751 10.20 9 0334 118 0.029
Difference between Brand of ADY 191 1 0.167

SMD is the standardized mean difference of the treatment effect. This istedthyadividing the mean difference for a study by the standard deviation

that study. A random effects model was then analyzed for the SMBDSMD can be viewed as a measure of overlap between 2 separate distributions.

Studies were grouped for analysis based on if matched the experiomhtalthe variance in the statistical analysis. If treatments were fed,tdatarwas

analyzed to pen. If treatments were fed to individual cows, data waszeadty cow. Studies that fed to pen and analyzed to cow were classifiedips gro
and removed from subsequent analysis because of the under estwhatoance.

Analysis classifies subgroup for the study being conducted in North Ang¥egsaor No).
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5 Treatment effect stratified by stage of lactation. Studies that were fyic@nducted in groups of cows less than 70 DIM (early) and adirttudies (not
early).

6 There was only one commercial brand of active dry yeast (ADY) withgémials to analyze for meta-regression (Brand X: yes or no).
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Figure4.2.
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-0.50 (-3.55, 2.55)
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0.50 (-2.36, 3.36)
1.50 (-1.83, 4.83)
0.00 (-2.49, 2.49)
-0.20 (-2.69, 2.29)
0.49 (-0.45, 1.43)

1.35 (0.27, 2.43)
0.80 (-1.30, 2.90)
0.80 (-2.78, 4.38)
2.53 (0.89, 4.17)
1.71 (-0.90, 4.32)
2.00 (-9.39, 13.39)
1.50 (0.39, 2.61)
-0.85 (-1.99, 0.29)
2.00 (-8.74, 12.74)
-1.00 (-3.06, 1.06)
-0.10 (-2.16, 1.96)
-0.20 (-2.26, 1.86)
4.10 (2.04, 6.16)
0.97 (0.10, 1.83)
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10.85
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100.00

12.49
8.10
4.25
9.96
6.45
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12.38
12.24
0.62
8.24
8.24
8.24
8.24
100.00

Forest plot of the Raw Mean Difference of milk yield grouped by studstilon (in or outside of

North America). The size of the grey boxes is proportitméhe weight of the study, the horizontal line
represents the 95% CI of the individual study dvelhilack dot represents the mean of the study. The
triangles center is the mean of the study and ttithwepresents the se of the study. The red ddsie
represents the overall mean of the both subgraugisei meta-analysis of the effects or active drnstyea
fed to dairy cows from studies between from a naetalysis performed on studies published from 1991

to 2010.
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%

ID SMD (95% CI) Weight
1

Yes 1

Adams, A. L B 0.17 (-0.46,0.79)  6.87

Chiquette, J. o -0.14 (-1.02,0.73) 4.26

Holtshausen, L. ——:—0— 0.38 (-0.28, 1.04) 6.44

Kung, L., E - 0.15(-0.72,1.03) 4.26
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Swartz, D. L. Western —0—: 0.00 (-0.27,0.27) 14.46
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Kim, H. S. : +- 0.69 (-0.40,1.77) 3.02

Lopuszanska-Rusek, M. ,g 0.16 (-0.76,1.09) 3.91

Moallem, U. —_— 0.82(0.19, 1.45)  6.84

Mruthunjaya, H. S. € * : -0.85 (-2.04, 0.35) 2.57

Piret Kalmus, et al -_— 0.13 (-0.50,0.77) 6.81

Williams, 1 P. E.50:50 F/C Straw € ,g : -0.67 (-2.11,0.77) 1.84

Williams, 2 P. E.50:50 F/C Hay > -0.07 (-1.45,1.32) 1.96

Williams, 3 P. E.60:40 F/C Straw * : -0.13(-1.52,1.25) 1.96

Williams,4 P. E.60:40 F/C Hay X > 2.75(0.67,4.84) 0.92

Subtotal (I-squared = 45.0%, p = 0.039) <’:> 0.38 (-0.00, 0.77) 4441
1

Overall (I-squared = 32.1%, p = 0.084) <> 0.21(0.01,0.42)  100.00
1

NOTE: Weights are from random effects analysis :
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-1 0 .5 1
Standardized Mean Difference

Figure4.3. Forest plot of the Standardized Mean Difference of milk yield grouped by $bedyion (in or
outside of North America). The size of the grey boxes ipgtmnal to the weight of the study, the
horizontal line represents the 95% CI of the irdiiail study and the black dot represents the metiveof
study. The triangles center is the mean of theéystind the width represents the se of the studhe réd
dashed line represents the overall mean of the qadigroups in the meta-analysis from a meta-analysis
on active dry yeast on milk production and DMI pemfied on studies published from 1991 to 2010.
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Table4.3.

effects of the raw mean difference and stratified by subgroupdnm@ta-analysis performed on studies published 19@1 to 2010.

The estimated effect of active dry yeast on FCM 3.5% and ECM Milk Fat YieldvidkdProtein Yield in lactating dairy cows using random

RMD? Heter ogeneity
Tau
Production Effects (kg/d) Trialscomparisons(n) Random effect (95% CI) Pvalue Chi-square(Q) df Pvalue 12(%) Squared
FCM 3.596 7 All trials 18 1.04 (0.47t01.61) 0.001 21.06 17  0.22 19.29 0.27
Early 12 1.06 (0.32t01.80) 0.005 14.85 11 0.19 25.95 0.42
Not Early 6 1.02 (0.03t0 2.02) 0.044 6.04 5 0.30 17.23 0.28
Difference between Early and Not Early 0.02 1 0.90
FCM 3.5% 7 NA Nod 11 1.20 (0.51t0 1.89) 0.001 14.05 10 0.17 2881 0.36
NA Yes? 7 0.53 (-0.541t0 1.60) 0.334 5.57 6 0.47 0.0 0.0
Difference between Location of Study 1.02 1 0.31
Energy Corrected All 17 1.00 (0.40to 1.59) 0.001 21.56 16 0.16 25.80 0.37
Milk * 7 Early 11 1.05 (0.21t0 1.89) 0.015 15.79 10 011 3665 0.67
Not Early 6 1.02 (0.16t0 1.88) 0.021 5.73 5 0.33 12.80 0.16
Difference between Stage of Lactation 0.07 1 0.79
Energy Corrected NA No3 10 1.19 (0.40t0 1.98) 0.003 15.29 9 0.08 41.15 0.60
Milk %7 NA Yes’ 7 0.54 (-0.40t0 1.48) 0.26 4.58 6 0.60 0.0 0.0
Difference between study if conducted in North America 1.16 1 0.28
Milk Fat Yield® 7 All 18 0.05 (0.02t0 0.07) 0.001 12.32 17 0.78 0.00 0.00
Early 12 0.05 (0.02t0 0.08) 0.001 8.13 11 0.70 0.00 0.00
Not Early 6 0.04 (-0.01t0 0.08) 0.134 3.84 5 057 0.00 0.00
Milk Protein Yield®”  All 17 0.02 (-0.01t0 0.05) 0.174 3.54 16 1.00 0.00 0.0
Early 11 0.02 (-0.04 to0 0.08) 0.559 1.57 10 1.00 0.00 0.0
Not Early 6 0.02 (-0.01to 0.05) 0.219 1.97 5 0.854 0.00 0.0
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RMD is the raw mean difference of the treatment effect and its associdteddhfidence interval.

All studies with FCM data or sufficient data to calculate FCM are included irdétés set. 3.5% FCM = (Milk Ib x 0.432) + (Fat Ib x 16.216) (Dairy
Records Management Systems, 2006).

Analysis classifies subgroup for the study being conducted in North Anf¥egszor No).

All studies with ECM data or sufficient data to calculate ECM are included idakdsset. ECM = 0.327 * milk Ib + 12.97 x fat Ib + 7.21xproteiTizrell
and Reid, 1965).

Dataset is trials with milk fat yield data or sufficient data to calculate milk fat yield.

Dataset is trials with milk protein yield data or sufficient data to calculate nolieipr The analysis only contains data from herds which used therprop
variance (classified as individual studies in the Feeding Group Yes subgroup).

The analysis only contains data from herds which used the prapance (classified as individual studies in the Feeding Group Yes subgroup).
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Table4.4. The estimated effect of active dry yeast on FCM 3.5%, ECM, Milk Fat YiettiMilk Protein Yield in lactating dairy cows using random effects
of the standardized mean difference and stratified by subgroumafroeta-analysis performed on studies published 1881 to 2010.

SMD? Heter ogeneity
Tau
Production Effects (kg/d) Trialscomparisons(n) Random effect  (95% ClI) Pvalue Chi-square(Q) df Pvalue 12(%) Squared
FCM 3.5%" All trials 18 0.30 (0.06 t0 0.53) 0.013 28.81 17 0.04 41.00 0.08
Early 12 0.42 (0.10t0 0.75) 0.012 12.83 11 0.304 14.30 0.05
Not Early 6 0.19 (-0.12t0 0.49) 0.237 12.22 5 0.032 59.10 .08
Difference between Early and Not Early 1.19 1 0.26
FCM 3.59%" NA No3 11 0.56 (0.18t0 0.93) 0.004 13.86 10 0.18 2790 0.11
NA Yes® 7 0.03 (-0.14 t0 0.20) 0.728 5.81 6 0445 0.00 0.0
Difference between Location of Study 5.62 1 0.018
Energy Corrected Mifk’  All 17 0.28 (0.04t0 0.52) 0.021 27.47 16 0.037 4170 0.08
Early 11 0.39 (0.27 t0 0.76) 0.035 12.93 10 0.227 22.70 0.08
Not Early 6 0.19 (-0.11to 0.50) 0.220 11.92 5 0.036 58.00 0.07
Difference between Stage of Lactation 0.72 1 0.395
Energy Corrected Mitk’ NA No® 10 0.55 (0.12t0 0.97) 0.012 14.92 9 0.093 39.69 0.16
NA Yes® 7 0.03 (-0.14t00.20) 0.71 5.38 6 0500 0.00 0.0
Difference between study if conducted in North America 4.50 1 0.115
Milk Fat Yield™ ’ All 18 0.07 (-.07t00.23) 0.30 16.93 17 0.49 0.00 0.0
Early 12 0.21 (-0.09 to 0.50) 0.170 10.30 11 050 0.00 0.0
Not Early 6 0.05 (-0.14t0 0.24) 0.61 5.63 5 0.46 11.16 0.0
Milk Protein Yield ” All 17 0.05 (-0.01t0 0.19) 0.525 4.86 16 1.00 0.00 0.0
Early 11 0.09 (-0.21t0 0.39) 0.543 1.51 10 1.00 0.00 0.0
Not Early 6 0.03 (-0.14 t0 0.20) 0.699 3.24 5 0.66 0.00 0.0
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SMD is the standardized mean difference of the treatment effect. This iatestiny dividing the mean difference for a study by the standard daviatio
that study. A random effects model was then analyzed for the staethrdean difference. The SMD can be viewed as a measure of overlaprnb2twee
separate distributions.

All studies with FCM data or sufficient data to calculate FCM are included in this daBsb86tFCM = (Milk Ib x 0.432) + (Fat Ib x 16.216) (Dairy Records
Management Systems, 2006).

Analysis classifies subgroup for the study being conducted in North Anf¥esaor No).

All studies with ECM data or sufficient data to calculate ECM are included indtdassét. ECM = 0.327 * milk Ib + 12.97 x fat Ib + 7.21xproteinTiriell
and Reid, 1965).

The dataset is trials with milk fat yield data or sufficient data to calculate milk fat yield

The dataset is trials with milk protein yield data or sufficient data to calculateoroii&in. The analysis only contains data from herds which useatdiper
variance (classified as individual studies in the Feeding Group Yes subgroup).

Analysis only contains data from herds which used the proper valeassified as individual studies in the Feeding Group Yes subgroup).
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Milk fat yield andMP had low heterogeneity?(= 0.00) for all studiesaswell as, for the
stratification of Early(< 70 DIM) and Not Early> 70 DIM) lactation [ = 0.00). The RMD for
FY for cows supplemented withDY was 0.05 kg/day (95%I1 = 0.02to 0.07,P = 0.001). The
RMD for PY was 0.02 kg/d, although this value was not significant from 0 (85% -0.01to
0.05,P=0.174, Table 4.3 and Table %1.4

Dry matter intake had a high heterogeneify=59.66%, Q chi-squareg® = 0.00) (Table
4.9). It was decided priori to evaluate DMIby stageof lactation. There were 12 studies
conducted for cows less than 70 DIM that included DMI. These studies had a RMD for cows
supplemented witiADY of 0.42 kg/d P = 0.25; 95%CI = -0.30to 1.15,1% = 0.0%, Q chi-
squaredP = 0.90). There were insufficient studies containing DMMI= 4) “not in early

lactatiori’ (> 70 DIM) to evaluate for heterogeneity asa separate outcome.

Meta-regression

Univariable regression was performed on the variablgs;(yes or no) total CFU of
ADY fed, stage of lactation, average Dé#istart of trial, number of times cows were milked per
day, fedasa TMR (yes or no), brand of ADY (branti yesor no), primiparous cows (yes or
no), multiparous (yes or no), Holstein breed (yes or no), Friesian breed (yes or nib)thend
ADY was top dressedn the feed (yeor no) Variables with & value < 0.20 weréo be
included in the meta-regression model. Because only brand of ADY hd&l <a 0.20,

multivariable regressioto further examine the cause of heterogeneity was not performed.

Publication Bias

Publication biasas viewed in a meta-analysiss the tendency for certain reports

intentionallyor unintentionallyto enter the public stream of information for evaluating proposed
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Table4.5. The estimated effect of active dry yeast on dry matter intake (DMI) fnmeta-analysis performed on studies published 881 1o 2010

RMD (95% ClI)* Heter ogeneity SMD (95% Cl)?2
Dry matter intake (kg/d) Trials (n) Random effect Pvalue Chi-square(Q) df Pvalue 1%(%) Random effect P value
Stage of Lactatiotf All Studies 15 0.0 (-0.86 t0 0.85) 0.994 37.18 15 0.001 59.66 -0.04(-0.37t00.29 0.810
Early 12 0.42 (-0.31to 1.15) 0.251 5.59 11 0.90 0.00 0.16(-0.24t00.54) 0.42

1 RMD is the raw mean difference of the treatment effect and its associiteddfidence interval.

2 SMD is the standardized mean difference of the treatment effect. This istedtigadividing the mean difference for a study by the standard deviation
that study. A random effects model was then analyzed for the standambaeddifference. The SMD can be viewed as a measure of overlaebetw
separate distributions.

3 Treatment effect stratified by stage of lactation. Studies that were fyic@mducted in groups of cows less than 70 DIM (early) andthér studies (not
early). There were not enough studies (4) to report a subgroupiarfiaiysot early DMI.

4 The analysis only contains data from herds which used the prapance (classified as individual studies in the Feeding Group Yes subgroup).
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interventions that may be of interest the public. Although a meta-analysis will yield a
mathematically accurate synthesis of the studies includéde analysisif these studies are a
biased samplef all relevant studies, the mean effect complgthe meta-analysis will reflect
this bias (Borensteiet al. 2009c). In the agriculture industryas opposedo other industries
such a human pharmaceuticals, there are two classes of studies produced. There are the
independent produced studies submitted for peer review, winictheory, conformto a set
standard of quality. There are also studies produced specifica@iyhance the marketing of a
product. Studies produced with the aim of marketing a product may not have the sanme rigo
standards of qualitgs studies produced for publication, which often has affiliations with third
parties or Universities. Since theieeno peer review process place for marketing-driven
studieswe cannot knowf thisis the case. Howeveif, thisis true, then one would worry about
poor statistical design and non-control of confounding being presaon-published studiedf
such flawed analysis were includieda meta-analysis, the true mean could be biased away from
the null producing a type | errotn contrasin human pharmaceuticals, the dangenore likely
to be that unpublished trials that may not be perceag&tdeneficial’ to the sponsoring company
would not get submitted (file drawer bias) for publication (Rothstein, Sutton, and Borenstein
2005). In the latter case, the inclusion of all non-published papers would decrease the potential
bias away from the null and move the effect toward the null. tBtlee inabilityto validate the
quality of unpublished reports or reports that are self-published without the benefit of peer
review, these reports were not includedhis meta-analysis.

No attempt was madey the authorgo distinguishif the journal articles obtained the
literature search were truly peer-revamhjournals. There are many opportunities for papers,

which do not meet the rigaf acceptable scientific methodology, be published and enter the
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journal databases (Bohannon 2013). All papers that were identifibeé literature search that
had sufficient detail of the experimental design were includetie meta-analysis. Abstracts
would not meet this level of criterasthey do not contain materials and methods sections.

The numerical differencen RMD and SMD betweeMY for studies conducteith NA
versus outside dflA, reflectedin the high heterogeneityf MY (I 2 = 48.4, Table 4.3 and Table
4.4), might be dueto different feeding and dairy management systeritsis reasonabléo
assume that the studies conducted uiferconditions and dairy management techniques were
more similarin variance and outcome than studies conducted elsewhere. TiAnstudies
were conductedn Egypt, India, Iran, Ireland, Israel, Korea, Poland, Estonia, and Scotland.
Whether it can be assumed these dairy management systems would constitute a uniform
subgroupis not possibleto determine with these studiedn the studies conducted North
America, it is possible the dairy management systems are less compatible with the maintenance
of viable live yeast tham feeding systems other areas of the world. How the prodiscted
and thetime lag from manufacturingo ingestion could be differemn the different subgroups.
Only three studies (Kungt al. 1997,Al Ibrahimet al. 2010, Shwartet al. 2009) measured the
colony forming units (cfu) ofSaccharomyces cerevisiae fed in their studies. Shwartet al.,
adjusted their feeding rate for the viable cfu countshe commercial produdb feed the
recommended rate (Table %.6Al Ibrahim,etal., 2010 fed the recommended amount of product
which would have been 1.00 x*®@fu but only ended up feeding 6 x®1fu/kg fed and Kungt
al., only reported the actual cfu fed (1®%3.5 x 168 cfu of yeast/g of supplement). All other
studies fed the recommended dose from the manufacturer with no test of viability. Publication
bias may also be a factdrmanufacturers of live yeast products have more influence over what

papers are publisheoh areas outside of North America, resultilg heterogeneity of the
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Table4.6. Stulies on active dry yeast products meeting selettidteria representing years 1991 to 2010 and used in the metaisnalys

o~ [se) ¢ Y ’\5‘
= 3 - 5 = o >d gy
§ S 8% 5% 8,82 ¥ 3 § EE ZE
2 24 o= ¢ B X S 2 =
Study Name S O 5 S e %% 3& & ¥ & 8 E EE
Adams et al,1995 us 5.00E+10 Not Early Early and Mid 84 3X YeaSacc Both Holstein Top-Dress Individual
1026
Alshaikh et al., 2002 Saudi 3.90E+05 Not Early 118134 70 3X YeaSacc  Multi Holstein Mixed Group
Arabia 1026
Cakirogiu et al., 2010 Turkey 1.00E+09 Early 45 21 2X YeaSacc  Multi Jersey Drench Group
1026
Chiquette et al., 1995 Canada 5.00E+10 Early 42 35 2X  YeaSacc  Multi Holstein Mixed Individual
1026
Ebtehag et al., 2011 Egypt 1.00E+10 Early 0 75 2 Epix Multi Crossbred  Mixed Individual
Garg et al., 2000 India  5.00E+10 Not Early 80 91 2 YeaSacc Multi Holstein Mixed Group
1026 Friesian
Grochowska et al., 2009 Poland 7.00E+10 Early -21 70dim UK Biosaf SC  Multi Unknown Unknown Individual
47
Holtshausen, et al., 201( Canada 5.00E+9 Not Early 51-159 42 2 Levucell Both Holstein Mixed Individual
SC 1077
Al Ibrahim, et al., 2010  Ireland 3.00E+11 Early -14 70dim 2  YeaSacc Both Holstein Mixed Individual
1026 Friesian
Khormizi, et al., 2010 Iran 1.00E+11 Early 3543 75 3 Biosaf SC  Both Holstein Top-Dress Individual
47
Kalmus, et al., 2009 Estonia 5.00E+10 Early -14 98dim 2  YeaSacc Unknown Eastonian Top-Dress Individual

1026

Holstein
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s &£ %% ©&om. 5 £2 ¥ ¥ § B B
3] 205 =55 8 = < = o T O B
Study Name 3 O S I8 E: S m & ) LR EE
Kim, et al.,2006 Korea 1.5E+11 Early -21 41 dim UK YeaSacc  Multi Holstein Mixed Individual
1026
Kung, et al., 1997 us 1.75E+11 Not Early 130-189 63 2 Biomate Multi Holstein Top-Dress Individual
Lethbridge, et al.,2007 New 1.00E+10 Early 0 114 2 Unknown Primi Unknown  Mixed Group
Zealand
Lopuszanska-Rusek, et Poland 5.00E+10 Early -21 70dim 2  YeaSacc  Multi Polish Mixed Individual
al., 2011 1026 Holstein
Moallem, et al., Israel 6.00E+10 Not Early 60-168 90 3 Biosaf SC  Both Israeli  Top-Dress Individual
47 Holstein
Mruthunjaya, et al., 200: India  5.00E+10 Not Early 67-116 49 UK YeasSacc Multi Crossbred  Mixed Individual
1026
Ondarza et al., 2010 us 5.00E+10 Not Early 21 84 3 ABVista Multi Holstein Mixed Group
Yeast
Soder et al., 1999 us 7.50E+10 Early -28 91dim UK Biomate Both Holstein Top-Dress Individual
Swartz et al., 2009 us 5.03E+10 Not Early 120 98 UK  Western Unknown Holstein Top-Dress Individual
Swartz et al., 2009 us 5.10E+10 Not Early 120 98 Uk  Cellcon Unknown Holstein Top-Dress Individual
Williams et al., 199% Scotland 5.00E+10 Early 36 36 2  YeaSacc  Multi Fresian Top-Dress Individual
1026

1 Inclusion criteria were: the study had to be in English, was ieeft on lactating dairy cattle, evaluated an active dry yeast produstutheincluded a
concurrent negative control group, utilized randomized treatment assitgyand used a parallel group design, (i.e., not crossoveliliohdlly, studies must
have reported results of at least one of the production outcormgsrest (milk yield, % milk fat,milk fat yield, % milk protein, milk protein yield, 3.5% fat
corrected milkenergy corrected milk, or DMI), along with a measure of variarteadard error or standard deviation) qu walue for comparison of effects
between treatment and control groups. The study had to pren@egh information in it to establish if it met the criteria for isidn and be published as an
independent study, not as a commercial company internal report.
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11

12

13

Country the research was conducted in.

Colony Forming Units of Active Dry Yeast fed to the treated aninmathe study if reported. When the CFU fed was not reported this walsiealculated
from the concentration of the product X in grams of product fed.

Studies that were primarily conded in groups of cows less than 70 DIM are “Early” and >70 DIM are “Not Early”.

Average days in milk when cows began receiving Active Dry Yeésie Fange of days in milk was reported, it is reported here.
Length of trial or DIM when trial was concluded.

Number of times the cows were milked in 24 hoWis.is unknown. The paper did not report milking frequency.

Commercial brand of Active Dry Yeast fed in the trial if reported.

Parity of cows used in the trial. Both includes primiparous and multiparou

Breed of cow as reported in the trial.

Active Dry Yeast treatment was fed either top-dressed on the feed or mixdueiftMR (total mixed ration).

Treatments were fed either to the group (pen) of animals or indivéshiimlals. All the studies calculated the variance at the individual cow levielg gin
over estimate of the precision to group fed studies. Subsequehtisoud fed studies were removed from calculations.

There were 4 separate comparisons by Williams inpdgier. They were treated (ADY) versus control (no ADYnparisons on feed to concentrate feed at

50/50 using hay in one comparison and straw in a sedtwedhay and straw were again evaluated using a 60/40AHt{boutcomes were analyzed as separate
trials.
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outcomes. The use of funnel platsvisually asses# publication biags present was utilized
(Sterne, Becker, and Egger 2005). Funnel plots are plotted for the SMD agaikdhée
studies. The larger studies with the smaliErare higher on the graph (Figure ¥.4'he funnel

plot shows asymmetry with several small studies missing showing aadblagher outcome
studies that are positiveTo further assess bias, the funnel plot was plotted with the red dots
representing studies conducted outditke the black dots representing studies conductedA
(Figure 4.4. There appear® be much more possible evidenmlepublication biasas seenby

the increased asymmetry of the red dot representing studies conducted outdile die
symmetry of the studies conductedNA indicates possibly less publication bias. The larger
example demonstrated by the funnel pddbhat heterogeneity within a funnel plnshow little

bias but the outcomes do not represent a consistent understanding of the true point effect

(loannidis 2005).

Heterogeneity of Milk Yield and Mechanism of Action

There has been much discussion about how ADY would incre#keproduction or
have a biological impact on a lactating ¢evperformance. This meta-analysis shows a high
degree of heterogeneityg the study outcomeas discussed above. Another explanation other
than strictly publication bias for the high lewa heterogeneity may liem the mechanism of
action ofADY in the rumen. The function of ADY may depend on the viabilftthe yeast cells
and therefore their physiological functionthe rumen for exampl® scavenge oxygen from the
rumen environment which seentsbe the leading theory presently. Past studies on autoclaved
yeast cells have shown that dead yeast cells have no effect on rufakalDawson, Newman,
and Boling 1990). The difficulty in keeping the yeast alive from manufatiungestionby the

cow could account for much of the variabilitythe outcomes seém the meta-analysis. Further
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Figure4.4. Funnel plot of milk yield with pseudo 95% confidence limits. The Standarditesth Difference is
plotted against the standard error of the point effect. The cengahows the overall point effect. The
red dots represent the SMD of studies conductesidaubf North America and the black dots represent
studies conducted in North America. Overall thensetry shows a slight bias to the right. When
observed by location of study, the studies conduotgside of North America appear asymmetricale Th
SMD comes from a meta-analysis on active dry yeashitk production and DMI performed on studies
published from 1991 to 2010.

guestions of the mode of action of the live yeast once they amrive rumen are still present.
Newbold et al. (Newbold, Wallace, and Mcintosh 1996) tested the oxygen scavenging theory
utilizing anin vitro model that injected oxygen into a simulated rumen environment. Although
results showed that three out of five (or 6(84gcharomyces cerevisiae strains tested stimulated
oxygen uptake from rumen fluid and dissolved oxygen reached baseline levels within 90 seconds

of yeast supplementation, this was conducted with an2@@eastin 150 mL buffered rumen
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fluid equivalentto 126 g yeast for a cow with 95 L rumen liquid volume (more than 100 times
higher dose of yeast than fed commercially), and the oxygen levels were miiehthan seen

in the rumen of a normal cow (Ellis, Williams, and Lloyd 1989). Furthermore, the VFA
concentrations were far outside the normal lewelshe rumen, (40mM vs. 117 mM) which
would have a large impact on the yeast abtidyuptake oxygen (Leet al. 2003)(Leeet al.
2003). This leaves the mechanism for ADY increasemilk production andts role in the

heterogeneityf effect operto further research.

Conclusion Chapter 4

Commercially available products of active dry yeast supplementation failskdow a
significant increasén milk productionin studies conducteoh North America (0.49 kg/dP =
0.307) orin ECM (0.54 kg/dP = 0.260). In all studies including studies conducted biotland
outside ofNA, MY increasedy 0.81 kg/d, P = 0.010) and ECM increased 1.0 kgRl=< 0.001)
but with high heterogeneity?(= 40.10%,|?> = 25.80% respectively). Publication bias analysis
indicates that there may be several missing papers from the literature of studies conducted
outside ofNA that would have lower point effects. Active dry yeast supplementation failed
show a significant increasen DMI in early lactation (0.42 kg/dP = 0.25). The high
heterogeneity sedn studies may be due publication bias, or lac&f yeast viabilityin different
dairy feeding and management systems. The mode of actigkDron milk productionin
dairy cows has not been fully elucidatéal understandif yeast viabilityis crucial to the
production effectADY may have on the lactating dairy cow. This meta-analysis was done on
studies (with the exception of Swasdtal.) that did not adjust for possible changesfu counts
in the product. Caution should be usednterpreting the validityf this study for actual ADY

effect versus the production effect of commercially available products.
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CHAPTER 5

PROBABILISTIC MODELING TO SUPPORT DECISIONS

REGARDING THE USE OF ACTIVE DRY YEAST AND YEAST CULTURE

Chapter 5 Executive Summary

The purpose of a veterinary consultant may be to help a business owner to decide
between multiple mutually exclusive interventions. As agricultural systems become more
complex and overlapping, intuition becomes less appropriate and the need for mathematical
models depicting the possible system before and after the intervention are needed. One such
model is the use of deterministic and stochastic partial budgets. The interventions for addition of
yeast culture into a dairy cow diet is examined in a meta-analysis (Poppy et al. 2012) that should
represent an accurate summary of the random controlled yeast culture studies at the time of its
publication. Likewise, a meta-analysis of feeding active dry yeast (Poppy et al. 2017) gives us
the parameters for that intervention.

Using a deterministic partial budget, utilizing the mean changes for milk yield (MY), fat
yield (FY), protein yield (PY), and dry matter intake (DMI), the difference of income over feed
cost (IOFC) foran intervention of feeding yeast culture to dairy cows in early lactation (<70
DIM) is $0.399 /cow/d, and fomid-to-late lactation dairy cows is $0.584 /cow/d. Likewise,
using the meta-analysis for an intervention of feeding active dry yeast (Poppy et al. 2017) using a
deterministic partial budget is $0.413 /cow/d for early lactation and $0.54&itbto-late
lactation cows. The use of the deterministic partial budgets show very little differentiation from
these two mutually exclusive interventions, but the information in the meta-analysis is not fully

utilized due to the lack of incorporation of the variance measures of uncertainty founden the
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studies. Using the standard error and between and within variance to yield the uncertainty
measures found in the mean and the random effects using stochastic analysis (ModelRisk 5.1.1
Vose Software BVBA, Belgium, 20)5helps determine the possible risk measures. The
stochastic analysis for the partial budget of yeast culture estimates that based on the meta-
analysis (Poppy et al. 2012) the risk of the producer being below breakeven for the intervention
in early lactation is 0.269% and the probability the returns to the dairy of being between $0 and
$0.80 /cow/d is 99.46%. Likewise, the risk of being below breakevamd+o-late lactation is
0.309%. On the other hand, using the values from the active dry yeast meta-analysis (Poppy et
al.,2017) the probability of being below breakeven for the intervention is 38.86% for early
lactation and about 59.980of being somewhere between $0.00 and $4.00. Likewisuid+io-

late lactation, for ADY, the stochastic partial budget estimates & @0@bability of being

below breakeven and a 55%2robability of being between $0.00 and $4.00. If one defines risk

as being unsure of the true outcome, then the interventions based on the published studies in the
ADY meta-analysis gives little information for dairy operation to utilize in making and informed

decisions and would constitute a risky decision for the producer.

I ntroduction

A veterinary consultant to an animal enterprise may have as their most important
contribution that of helping the management team correctly assess the uncertainty surrounding
the business decision to be made. Having the correct assessment of the conditional probabilities
associated with both the biological processvell asthe economic uncertainty and correctly
applying these probabilitids assess the economic outcome and the uncertainty surrounding that
outcomeis the key taskn advising the managerial decision maker. Decreasing the risk of the

decision is the process of more accurately predicting the outcome with certainty. Often
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obtaining accurate information regarding the expected change dysoposed intervention and
the uncertainty surrounding that interventisulifficult to obtain. While making decisions in the
face of uncertainty is manager’s job (Drucker 1973), reducing the extent of that uncertainty is

the key to making fewer decision errors. Robert Schlaifer states (1959b):

“When all the facts bearing on a business decision are accurately known-when
the decision is made “under certainty”-careless thinking is the only reason why
the decision should turn out, after the fact, to have been wrong. But when the
relevant facts are not all known - when the decision is made “under uncertainty,
it’s impossible to make sure that every decision will turn out to have been right in
this same sense. Under uncertainty, the businessman is forced, in effect, to
gamble. Under such circumstances, a right decision consists in the choice of the
best possible bet, whether it is won or lost after the fact”.

Correctly assessing the uncertainty or assigning the correct conditional probabilities is
the heart of the business decision and has to be one of the first steps in reducing risk. The use of
models or prior research can only inferentially be assigned to a specific business casegand bein
able to assess the strength of that inference for both the mean and variance is difficult. The
internal and external validity of the available studies as well as how disagreements in available
studies can be combined and then applied to the question being asked is a key component in
decreasing uncertainty for the decision outconveterinarians, as practitioners of evidenced
based medicine processes, finding studies, correctly interpreting the relevancy of the studies to
the current problem and making correct inferences from the studies to the relevant problem is an
area we have the background education to achieve. One recent tool to help accessl the broa
scope of relevant studies is the use of meta-analysis combined with systematic reviews.
Although veterinarians may have a broad background in interpreting studies as single point
outcomesas agricultural enterprises become more complex, incorporating the multiple impacts

of a single intervention within the complex agricultural systand assessing both the biological
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outcomes as well as financial implications of the interventions becomes more difficult as much
as it becomes an imperative if one hopes to correctly characterize possible solutions.

One tool available to the veterinary practitioner to help model the impact of an
intervention in an agricultural system is the partial budget. The partial hadggebmparison of
the current economical state of the production or disease state compared to the predicted
economic state after the proposed intervention. Partial budgets are often part of more complex
models as seen in the Markov chain models (Dijkhuizen, Renkema, and Stelwagen 1984) or
models using Monte-Carlo simulation (Galvao et al. 2013, Overton 2006). The simplest partial
budget, is one that utilizes deterministic values for dairy production and uses a reported
biological output with no uncertainty from a dairy study coupled with the economic value for
that output minus the cost of implementing that specific interventidviore advanced
deterministic partial budgets could incorporate multiple effects of a single intervention or
multiple effects from multiple simultaneous interventions still incorporating a single point effect
with no uncertainty. The deterministic partial budget gives a mean change which while simple to
calculate, fails to account for the variability or uncertainty associated with the change in the
mean value. Because the complex partial budget change is made up of several parameter
estimates each with a different variance or confidence interval, neither the biological or
economic risk for the decision maker can be easily estimated mentally without further analysis.
The use of stochastic analysis using Monte Carlo simulation can be used to estimate the risk for
this partial budget. Monte Carlo simulation is a method for making artificial trials or
experiments to assess the probabilities on the basis of the relative frequencies that each artificial

event occurs (Schlaifer 1959a). The use of stochastic analysis and the incorporation of the
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uncertainty could give a more accurate picture of the proposed intervention, not recognized
through the use of deterministic partial budgeting alone.

Therefore, the purpose of this paper is to develop of partial budget for two different, but
similar proposed interventions in a commercial dairy herd and compare the risk of the proposed

interventions using both deterministic and stochastic partial budgets.

Materials and Methods

A partial budget (Dijkhuizen et al., 1995) was constructed to model the net change in
income from an intervention of a feed additive of yeast culture (SCFP) or an intervenéion of
feed additive of active dry yeast (ADY). The input data for the yeast culture was obtainexd from
meta-analysis of the use of yeast culture analysis (Poppy et al. 2012), and the input data for
active dry yeast was from a similar meta-analysis (Poppy et al. 2017). The parameter values for
the mean change, SE and Total Variance (TV) for kg of milk (MY), kg of milk fat (FY),fkg o
protein (PY) and dry matter intake (DMI) for both early lactation, (DIM < 70mal-to-late
lactation were obtained from each meta-analysis. The values for the economics of each
parameter in the partial budget include the values from the published federal milk order 33 for
November 2016 (USDA 2016) converted to the value /100 kg of milk, fat, protein and other
solids. The base amount of milk was 39 kg/d for the early lactation cows and 32 kg/dhid-the
to-late lactation cows. FY was calculated by 3.5% x MY to obtain FY for the early lactation
cows and 3.7% x MY for thenid-to-late lactation cows. PY was calculated as 3.1% x MY to
obtain PY for the early lactation cows and 3.2% x MY forihid-to-late lactation cows. Other
solids were calculated as 5.7% x MY for both early emd-to-late lactation cows. The base
DMI for early lactation cows was 23.5 kg/d and 23 kg/drfod-to-late lactation cows. Dry

matter cost was $0.22 /kg for early lactation cows and $0.198 /kg/ahitbto-late lactation
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cows. Both yeast culture and active dry yeast cost are $0.05 /cow/d. The cost of feeding the cow
each day is (DMI cost/cow/d) calculated by multiplying the DMI and the Cost of DMI. The
income generated each day per cow (Income/Cow/d) was obtained by multiplying the sum of
Class 1 ($4.409), Hauling (-$2.205), Promotion (-$0.331) and Quality ($1.653) $3.527 /100 x
MY, plus FY x $4.518, plus PY x $5.065, plus kg of other solids x $0.298. The income per 100
kg of milk produced (Income/100 kg) is the Income/cow/d divided by MY x 100). The income
over feed cost (IOFC) was calculated by subtracting the DMI cost/cow/d from Income/Cow/d.
Yeast culture or ADY change was calculated by subtracting the IOFC pre-intervention from the
post intervention partial budget.

The Monte Carlo stochastic analysis allows one to replicate the experiment of calculating
the partial budget many iterations, each time using an input for the mean change in the mean
parameter based on the relative frequency distribution we assigned to each of the variance
parameters. For this trial, we assign a normal distribution for the total variation for each of the
parameters calculated in the partial budget from the meta-analysis to model the uncertainty using
ModelRisk 5.1.1 (Vose Software BVBA, Belgium, 2015). The Monte Carlo simulation
generated 10,000 iterations of the partial budget and plotted these outcomes in a frequency
histogram. The parameters that were modeled with uncertainty from values in the two meta-
analysis were MY, FY, PY and DMI. The parameter values for the deterministic and stochastic
partial budget modes were found in Poppy et al. (2012) for the YC analysis and Poppy et al.
(2017) for the ADY analysis (Table 5.1). The values in the YC analysis were for peer reviewed
papers only, while the ADY analysis were sub group values for all ADY papers, not North
American only. The method for obtaining the stochastic value for each parameter (MY, FY, PY

and DMI) was to assign a VoseNormal distribution and use of the SE parameter provided from
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the meta-analysis to model the uncertainty surrounding the mean change. This distribution was
then used to model each output parameter in the partial budget. The variance values in the mixed
model meta-analysis are the uncertainty between studies which is called Tau sci@a=ell

as the uncertainty within studies what we would normally think of as variance (V) or the square
of variance, the standard deviation. The total variance (TV) for the mixed model is the weighted
average of all the variances \# T?), for each study and the standard error (SE) of the mean is
the square root of the TV (Borenstein et al., 2010). Because the SE incorporates both the
between group and the within group variance and the uncertainty around the mean we can
multiply the SE by the Vose distribution which is the equation parameter to replicate the
equation each time using&E and Mean outcome chosen from the chosen distribution in the
Vose software program ModelRisk. This develops an output graph which is a histogram of all
the outcomes. For example, for MY we use VoseNormal(MY mean change, MY SE) with the
MY SE representing the total variance for milk yield. This parameter was used to multiply by
the base MY early lactation to arrive at the post intervention MY for early lactation. The partial
budget then calculated each value for MY, FY, PY, and DMI and arrived at a combined

histogram, of the variance of the outcome.

Table5.1 Parameter values for the Yeast Culture (Y@phd Active Dry Yeast (ADY) deterministic and
stochastic partial budgets. The variance equals total variance both betweerhangratp.

YC1
Early Mid/Late
M ean SE Variance M ean SE Variance
MY 1.370 0.3757 0.141 0.980 0.4968 0.247
FY 0.057 0.028 0.001 0.051 0.030 0.001
PY 0.025 0.012 0.000 0.039 0.028 0.001
DMI 0.615 0.2077 0.043 -0.782 0.2938 0.086
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ADY?

Early Mid/L ate
Mean SE Variance Mean SE Variance
MY 1.172 0.0404 0.163 0.439 0.5300 0.281
FY 0.052 0.016 0.000 0.026 0.019 0.000
PY 0.039 0.312 0.097 0.029 0.417 0.174
DMI 0.423 0.3700 0.137 -1.570 0.5770 0.333

1 Parameter values from Poppy et al. (2012) for peer reviewed papers on
2 Parameter values from Poppy et al. (2017) for all studies, not restricted tolfNA on

The cost of obtaining a Type 1 error, the estimated amount of money the producer would
could lose if he implemented an intervention when the true outcome was less than breakeven,
was obtained by multiplying the value associated with each histogram below break-even bin
value timesits probability or relative frequency and adding them up (the area under the curve
less than $0). The cost of the Type 2 error, the estimated money the producer would lose if the
true outcome was the product worked but the producer failed to implement the intervention, is

the same procedure for the histogram bins above break-even.

Results and Discussion

The values from the meta-analysis for yeast culture and active dry yeast welatedl
(Table 5.1). The deterministic partial budget utilizing the values for yeast culture (Table 5.2)
calculates a change mean incomen early lactation of $0.399/cow/d for the addition of yeast
cultureto early lactation foan investment of $0.05/cow/d. Likewise usiag averagemid-to-
late lactation cow for the partial budget yiemisadvantage for the interventiom mid-to-late
lactation cows of $0.584d. The deterministic partial budget revels important aspect of

incorporating the economic value into understanding the full impact of the biological cHange.
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this partial budget, while early lactation cows stawncreasen DMI from the intervention, the
mid-to-late lactation cows had a decreasenean DMI of 0.782 kg / day which improved the
value of the interventioby $0.15/cow/day. Modeling only the value of tindk change would

have missed this important aspect of the economic value of the intervention.

Table5.2. Partial Budget for adding yeast culture to early and late lactationatauy from meta-analysis (Poppy
et al. 2012).

Early L actation* Mid/L ate L actation?®
Control Meta-analysis Yeast Culture Control Meta-analysis Yead Culture

Milk Yield, kg 39.000 1.370 40.370 32.000 0.980 32.980
Fat % 0.035 0.035 0.037 0.037
kg of fat 1.365 0.057 1.422 1.184 0.051 1.235
Protein % 0.031 0.031 0.032 0.032
kg of Protein 1.209 0.025 1.234 1.008 0.039 1.047
OS % 0.057 0.057 0.057 0.057
kg of Other Solids 2.223 2.301 1.824 1.880
DMI, kg 23.500 0.615 23.543 23.000 -0.782 22.218
Cost dry matter /kg 0.220 $0.22 0.198 $0.20
DMI cost/cow/d 5.170 $5.18 4.554 $4.40
Yeast cost/cow/d $0.05 $0.05
Income/Cow/d $14.33 $14.79 $12.13 $12.61
Income/100 kg $36.74 $36.629 $37.90 $38.223
IOFC Advantagg $9.16 $9.557 $7.57 $8.157
Yeast Culture changt $0.399 $0.584

Value of componentsin 100* Kg*

Fat $4.518 Class | $4.409
Protein $5.065 Hauling $(2.205)
Other Solids $0.298 Promo $(0.331)
TotaP $3.527 Quiality $1.653
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1 Results from the meta-analysis for yeast culture for cows lesg ¢hBaiV.
2 Results from the meta-analysis for yeast culture of cows notass70 DIM.
3 |OFC is Income over feed cost or the revenue from the milk minugduecbst estimate/cow/d.

4 From the Federal Order 33 milk pricing for November 2016. The valuespaigrted to kg from CWT milk.
http://www.fmmaclev.com/Releases/ClassPrice/classpr.pdf.

5 Sum of Class | differential plus and estimated hauling charge, promotiayecinad quality bonus.

The deterministic partial budget for the addition of ADY (Table 5.3) estimates a change
in income for the early lactation intervention of $0.413 per cow per day and $0.548 ftw- mid-
late lactation cows. Again, as in the yeast culture example a large part of the economic change in

the estimated value comes from the decrease in DMI foniti¢o-late lactation cows.

Table5.3. Partial budget of Active Dry Yeast fed to dairy cattle using the parametsratsst from a meta-
analysis Poppy et al. 2017).

Early Lactation® Mid/L ate L actation?
Active Dry Active Dry

Control Meta-analysis Y east Control  Meta-analysis Y east
Milk Yield, kg 39.000 1.172 40.172 32.000 0.439 32.439
Fat % 0.035 0.035 0.037 0.037
kg of fat 1.365 0.052 1.417 1.184 0.026 1.210
Protein % 0.031 0.031 0.032 0.032
kg of Protein 1.209 0.039 1.248 1.008 0.029 1.037
OS % 0.057 0.057 0.057 0.057
kg of Other Solids 2.223 2.290 1.824 1.849
DMI, kg 23.500 0.423 23.640 23.000 -1.570 21.430
Cost dry matter /k¢  0.220 $0.22 0.198 $0.20
DMI cost/cow/d 5.170 $5.20 4.554 $4.26
Yeast cost/cow/d $0.05 $0.05
Income/Cow/d $14.33 $14.82 $12.13 $12.41
Income/100 kg $36.74 $36.897 $37.90 $38269
IOFC?3 $9.16 $9.571 $7.57 $8.121
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Early Lactation? Mid/L ate L actation?

Active Dry Active Dry
Control Meta-analysis Y east Control  Meta-analysis Y east

ADY change $0.413 $0.548
Value of componentsin 100* Kg*

Fat $4.518 Class | $4.409

Protein $5.065 Hauling $(2.205)

Other Solids $0.298 Promotion $(0.331)

TotaP $3.527 Quiality $1.653

1 Results from the meta-analysis for Active Dry Yeast for cows lessthdDIM.
2 Results from the meta-analysis for Active Dry Yeast of cows not lass?d DIM.
3 IOFC is Income over feed cost or the revenue from the milk minugéukecbst estimate/cow/d.

4 From the Federal Order 33 milk pricing for November 2016. The valuespaigrted to kg from CWT milk.
http://www.fmmaclev.com/Releases/ClassPrice/classpr.pdf.

5 Sum of Class | differential plus and estimated hauling charge, promotiagedhad quality bonus.

For an aid in determining a possible intervention both the YC and ADY appear from the
deterministic partial budget to be of possible value to the dairy, but is not good at distinguishing
between the interventions if only one can be implemented assuming they are mutually exclusive,
i.e. you would not get an additive response if both interventions were implemeAtsd,
neither partial budget helps us know the risk nor how sure are we of achieving the reported
amount. More importantly, the producer often wants to know, if I implement this intervention,
what is the probability | will be below breakeven? One could also ask what is the cost of making
the wrong decision when incorporating all the informatioti?s readily evident that in the
deterministic partial budget valuable information from the meta-analysis is not used, the values
of uncertainty for each parameter. Stochastic analysis allows the use of the uncertainty in each

parameter to be added to the model. The uncertainty around the mean change reported in the
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study is used in each iteration. The shape of the distribution assigned to the parameter
determines the relative frequency of the value within the bounds determined by the variance
parameter. Although for this analysis we used normal distributions, other distributions were

possible depending on one’s interpretation of the data and the actual fitting of the raw data.

The stochastic partial budget for yeast culture utilizes uhcertainty of the various
parameter estimates used in the partial budget. MForin early lactation we see there is an
estimated mean change of 1.37 kg, witlsB of 0.3757 kg (Table 5.1). This represents the
uncertainty we have around the estimated mean change. ditomado the total variance
surrounding MY, we also have from the partial budget the ecimnealue for the mean change in
FY (0.057), PY 0.025 and DMI (0.615) along with th&E for each parameter multiplied together
to see the true uncertainty surrounding the event of addimgj galture to early lactation cows.
Utilizing the values from the meta-analysis, a partial budgstbudt for both yeast culture and
active dry yeast (Figures 5.2 and 5.3). The stochastic partialtdfodgeast culture shows a mean
response of approximately $0.39 as seen in the determinigiil paidget, but now utilizing the
variance from the meta-analysis we can see there is a vahX&% chance the outcome based
on the biology as well as the economics for the partidgbuthe producer may actually have an
income of $0 or less (Figurés.1). The probability of having an income betweer08Gnd
$0.80is 99.46%. There is a.27% probability the income resulting from the interventionrisager
than $0.8Q Similarly, the results of the Monte Carlo simulatifor the midto-late lactation
parameters from the yeast culture meta-analysis (MY = 0SB@; 0.497), (BF = 0.051SE =
0.030, (PY = 0.039SE=0.028), (DMI = -0.782SE = 0.294), predicts a mean of approximately
$0.59 with a 97.62% probability of being betweer0$@nd $1.00 (Figure 5.2ZJhe probability of

being below breakeven is again very low at 0.31%. Owvadaye graphs, one can see that while
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Histogram Plot for Yeast Culture Early Milk Value Advantage
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Figure5.1. Histogram of the risk for the partial budget of the change inniecdue to adding yeast culture to early lactation cows (<71 DI¥gre is very
low probability of 0.269 the income for the intentien of yeast culture will be below $0 based om ¥hriance from the meta-analysis (Poppy et al.
2012) There is a 99.4% chance the income wilbfativeen $0.0 and $0.80/cow/d.
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Histogram Plot for Yeast Culture Mid/Late Milk Value Advantage
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Figure5.2. Histogram of the risk for the partial budget of the change in incoméodadding yeast culture to mtd-late lactation cows (>70 DIM). There is

near 0.309% probability based on the variance ffmrmeta-analysis (Poppy et al. 2012) the net inaeithéall below $0. There is a 97.6% chance
the income will fall between $0.0 and $1.00/cow/d.
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the midto-late lactation graph lies to the right or has a higher mean income, it is also more risky
because it has a wider distribution or more uncertainty around the possible outcome (Figure 5.3).
Overton in a study (2005) looking at implementing Al synchronization, calculated the cost for
Type 1 and Type 2 in a dairy herd. Using this same methodology one can see5Higurg.2)

that multiplying the bins of the histogram times their probability or relative frequency and
summing them (the area under the curve less than $0) would provide an estimate of the cost of a
Type 1 error. The producer would make a Type 1 error if he gambled and added yeastaultur
the herd in expectation of a profit when he would actually lose money. In this case, the cost of
the Type 1 error would be less than $0.001 /cow/d which is very low. The cost for a Type 2
error can be calculated as well by summing the relative frequencies for bins greater than $0.00.
A Type 2 error would occur when a producer does not use a possible intervention when it would
make him or her money. In this stochastic analysis, the estimated cost for the Type 2 error is
approximately $0.377/cow/d. The Type 2 error cost for toildte lactation cows on yeast
culture was 0.564/cow/dit is important to note these are the estimated probabilities surrounding
the decision. Once the producer actually implements the intervention there is no uncertainty in
the outcome.

Building the risk graph using Monte Carlo simulation for the Active Dry Yeast meta-
analysis demonstrates the problem with evaluating tables with parameter estimates without
calculating the impact of the variance for the same parameters. Sioilae deterministic
partial budget for yeast culture, the partial budgetAbry shows a gairin net income for
addingADY to the early lactation animals of $0.41/cow/d. Likewise, rtfid-to-late lactation
partial budget shows $0.55 per cow per day. Building a risk graph taking into account the

uncertainty surrounding these parameters (for early lactation cows (MY = BEZ20.040,
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Figure5.3. Histogram of the risk for the partial budget of the change in incameaaladding yeast culture to both early lactation and toslidte lactation
cows. The mean of the mid-late lactation graph while higher than the eantydion graph has more risk as the variance isrwidibe producer can
choose how much risk versus income to choose. Rteamstimates are from Poppy et al. 2012.
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(FY =0.052,SE=0.016, (PY = 0.039SE=0.313, (DMI = 0.423,SE = 0.370) and fomid-

late lactation cows (MY = 0.43%E = 0.530, ( FY = 0.026,SE = 0.019, (PY = 0.029,SE =

0.41%, (DMI = -1.570,SE = 0.577) from the meta-analysis for Active Dry Yeast (Table 5.1).
This stochastic analysis shows less predictive value for making a business decision (Figure 5.4
and Figure 5.5). The stochastic analysis shows the probability of the actual net incagne be
below $0as38.86% for the early lactation active dry yeast intervention. The interventian has
59.78% probability of being between $0 and $4.00/cowlikewise, themid-to-late lactation

cows estimates a 39.20% probability of being less than breakeven and a 55.62% probability of
being between $0.00 and $4.00/cow/d. Summing the bin values times their probability for the
early lactation cows in the ADY partial budget we had an estimated the cost of making a Type 1
error, the error using the product when you should not is $0.505/cow/d, and the cost of a Type 2
error (not using the product when you could have made a profit) of $0.828 /cow/d. Likewise,
the Type 1 error for mide-late lactation ADY interventions was $0.630/cow/d and the Type 2
error was $1.099/cow/d. The magnitude of both errors is large compared to a $0.05 investment
demonstrates a great deal of uncertainty in the outcome of the intervention (Figure 5%). If a
Schlaifer said (1959b) the decision made under certainty is the desired business proposition, then

these would represent the opposite for the decision-making process.

Conclusion Chapter 5

From the addition of adding Monte Carlo simulattorthe analysis of the decisioin,is
seen that accurately predicting the variahgeusing meta-analytic studies and the addition of
stochastic analysi® partial budgetss a method veterinary consultants can tasenprove their
adviceto managerial decision makers on dairy farms and other animal agriculture enterprises.

Partial budgets can be a valuable aid to the dairy decision maker for understanding the
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Histogram Plot for Live Yeast Early Milk Value Advantage
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Figure5.4. Histogram of the risk for the partial budget of the change in incoméodasding Active Dry Yeast to early lactation (<70 DIM). The graph shows

a 38.8% probability the producers income will falow $0 for a net loss, and a 59.7% probabiligyititome will be between $0 and $4.00. Parameter
estimates are from Poppy et al. 2017.
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Histogram Plot for Live Yeast Mid/Late Milk Value Advantage
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Figure5.5. Histogram of the risk for the partial budget of the change in incoméadadding Active Dry Yeast to mid-late lactation (>69 DIM). The graph

shows a 39.2% probability the producer will fall below $0 for a ret bnd a 55.6% probability of falling between $0 and $4.00 cadanteter
estimates are from. Poppy et al. 2017.
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Figure5.6. Histogram of the risk for the partial budget of the change in incareg¢aladding Active Dry Yeast graph for both early lactation and todite
lactation cows stochastic analysis. The means of the two-diffanalysis overlay each other with the Early kiatain red being slightly narrower.
Both graphs show excessive variance of the underlyartial budget. Parameter estimates are frorpyPetpal. 201.
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complexity of the biological changes and provide a method for attaching the predicted economic
values to the biological changes in a systematic method. Pre and post intervention outcomes
help one to see if the cost of adding the intervention has a predicted net increase or decrease in
income for the producer. Where partial budgets, which are normally done as a deterministic
model, lack the understanding of the extent of the uncertainty and its impact on the parameter
values in the partial budget that are highlighted in stochastic analysis of the partial budget. In the
case of the possible ADY intervention, if the goal is to help the producer make a decision that
has low uncertainty, the true outcomes could not be achieved with the use of deterministic partial
budgets alone. Using the variance parameters from a meta-analysis as the gold standard for
combining multiple often conflicting random control trialan aid in better understanding the
impact of the uncertainty on the risk of the final decision by using stochastic analysid ofsdea
deterministic approacho partial budgets. Further interpretatiof the uncertaintyin the
information and incorporating both biologics well aseconomic data into the decision models

will improve the value of the advice and pramimportant function of evidence based medicine

and ultimately better advice to agricultural producers.
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Table A.1l. Studies not included in the meta-analysis Poppy et al. 2012 forqudast due to failure to meet the

inclusion criteria.

APPENDIX A

Non Eligible Studies

Reason for Exclusion

Diamond_V_Mills and Calif._Dairy2007

No negative control switchback

Diamond_V_Mills and Comm._Dair2003

No negative control switchback

Diamond_V_Mills and Florida_Dair2003

No negative control switchback

Diamond_V_Mills and Idaho_Dair2,004

No negative control switchback

Diamond_V_Mills and Ind._Dairy_1, 2006

No negative control switchback

Diamond_V_Mills and Ind._Dairy 2, 2006

No negative control switchback

Diamond_V_Mills and Ind._Dairy_3, 2006

No negative control switchback

Diamond_V_Mills and Mich._Dairy 12006

No negative control switchback

Diamond_V_Mills and Mich._Dairy_2005

No negative control switchback

Diamond_V_Mills and MW _Dairy_1, 2006

No negative control switchback

Diamond_V_Mills and MW_Dairy_2, 2006

No negative control switchback

Diamond_V_Mills and NE_Feed_Man., 1983

No treatment effect reported

Diamond_V_Mills and NW_Dairy2005

No negative control

Diamond_V_Mills and Ohio_Dairn2009

No negative control switchback

Diamond_V_Mills and Wisc._Dairy_2005

No negative control switchback

Diamond_V_Mills and Wisc._Dairy_2006

No negative control switchback

Erdman and Sharm&989

Cross over

Hippenetal., 2010

2x2 Factorial

Longuskietal.,2009

Cross Over

Miller, 1994

No treatment effects

Rumenco and Diamond_V_Mill§993

Cross-Over

Sancheztal., 2005

No negative control switchback

Shaver and Garrett997

No negative control

White etal., 2008

Cross-over

Wiedmeieretal., 1987

Latin Square
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Mik Yield Non Peer-Reviewed Studies

Study name Statistics for each study Sample size S diff in means and 95% Cl
Sddiff Standard Lower  Upper
inmeans error limit imt p-Value Control Treated
Kim etal., 1994 -0.447 0453 -1334 0440 032410 10 =
Oraslovich and Linn, 1989 -4 -0.267 03%4 -1.040 0505 4970 13 13 e
Zom, 2000 - Lact 2+ -0.227 0334 -0883 0428 049718 18 .
Oraslovich and Linn, 1989 -1 -0.161 0238 -0627 0305 4970 36 35 ——
Wiliams et al., 1999 0.000 0324 -0636 0636  1.00019 19 .
Nagy, 1996 - 1 0.051 0471 -0873 0975 0914 9 9 -
Harris, 1990) 0.082 0122 0157 0321 0499 135 134 —-
Harris, 1988 - 1 0.04 0139 -0178 0366 0499 108 100 ——
Harris, 1988 - 2 0.099 0147 -0189 0387 05009 0 ——
DV Mills - Union Grove Dairy, 1997 -Syn 0.173 0330 4™ 0.820 0601 18 19 ——
Korniewicz, 2005 - Syn 0.195 0268 -0.330 0.720 0.46728 28 ——
Oraskovich and Linn, 1989 -2 0.218 0322 -0413 0.849 4990. 21 18 —a—
Mangoni, 1984 - 3 0.232 0128 -0019 0484 0070 12 123 —-
Vogel, 2005 - Synthetic 0.236 0137 -0033 0505 008 7 10 107 ——
Zilin, 1996 0.272 029 -0308 0853 0358 23 23 —a—
Sanchezetal., 1997 - Syn 0.275 0116 0047 0502  0.0W50 150 —-
Fazenda, 1998 0.292 0218 -0135 0719  0.18039 47 —a—
Zom, 2000 - Lact 2 0.346 0504 -0641 1333 0492 8 8 =
DV Mills and MF - 2, 1993 0415 0270 -0115 0944 012528 28 —a—
DV Mills and MF 1, 1989 0.443 0347 0238 1123 020217 17 —_—
Braun, 1993 0534 0162 0216 0853  0.00179 78 ——
Bennett, 2004 0570 0183 0211 0929  0.00262 62 —i—
Nagy, 1996 - 2 0588 0481 -035% 1532 022 9 9 =
Oraslovich and Linn, 1989 -3 0.5% 0304 0001 1191 5000 19 28 —a—
Ward and McCormick, 2001 0.642 0363 -0069 1352 007716 16 —.—
Dobos, 1998 - 1 0.714 0327 0074 1354 002919 21 —a—
Zhou, 2002 1.263 0323 0630 1.89%  0.000 23 23 —a—
Bernard, 1992 1.889 0567 0778 3000  0.001 9 9 —_— =
DV Mills - United_Molasses, 1994 - Syn 1972 0216 485 23% 0000 63 64 —a
0.365 0085 0198 0531  0.000 <o
-2.00 -1.00 0.00 1.00 2.00

FigureA.1l. Forest plot of random effects SMD for milk yield. Only studies not puldish peer reviewed journals are represented. The black squdres in
forest plot represent the weighting (by inversearar€) for the represented studyhe horizontal bars represent the 95% ClI for thdystThe diamond
figure center represents the standardized meathandidth of the diamond represents the 95% Chefaverall treatment effect. The outcome to the
right of an imaginary vertical line through O reggats an increase in milk fat yiel(Poppy et al 2012).
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Mik Fat Yield Peer Reviewed Studies

Study name Satistics for each study Sd diff in means and 95% Cl
Stddiff Standard Lower Upper
inmeans  error limit limit p-Value
Lehloenya et al., 2008 -Multi -0.929 0.678 -2.258 0.4000.171
Erasmus et al., 2005 - 2 -0.200 0.366 -0.917 0.517 0.585 i
Arambel and Kent, 1990 -0.086 0.447 -0.963 0.791 0.848 =
Wang et al., 2001 - Syn 17% NDF -0.018 0.408 -0.81878D. 0.965 =
Lehloenya et al., 2008 - Primi 0.118 0.606 -1.070 1.3050.846 =
Harris et al., 1992 0.136 0.334 -0.518 0.790 0.683 —a—
Robinson - Garrett, 1999 - 2 0.139 0.393 -0.631 0.909 724. L
Erasmus et al., 2005 - 1 0.200 0.366 -0.517 0.917 0.585
Robinson - Garrett, 1999 - 1 0.200 0.473 -0.726 1.126 672. =
Schingoethe et al., 2004 0.227 0.325 -0.411 0.865 0.485 —a—
Cooke et al., 2007 0.293 0.450 -0.589 1.174 0.515 =
Alshaikh et al., 2002 0.389 0.202 -0.007 0.785 0.054 ——
Ramsing et al., 2009 - Syn 0.508 0.306 -0.093 1.108 70.09 —a—
Wang et al., 2001 - Syn 21% NDF 0.574 0.417 -0.242 91.3 0.168 =
Robinson, 1997 0.727 0.398 -0.052 1.507 0.067 =
0.242 0.094 0.057 0.427 0.010 <&
-2.00 -1.00 0.00 1.00 2.00

Figure A.2. Forest plot of random effects SMD for milk fat yield. Only studies phbtisin peer reviewed journals are represented. The black squtires in
forest plot represent the weighting (by inversearar€) for the represented studihe horizontal bars represent the 95% ClI for thdystThe diamond
figure center represents the standardized meathandidth of the diamond represents the 95% Chefaverall treatment effect. The outcome to the
right of an imaginary vertical line through O repgats an increase in milk fat yield (Poppy et 4120
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Milk Protein Yield Peer Reviewed Studies

Study name

Arambel and Kent, 1990
Lehloenya et al.-Primi
Cooke et al., 2007

Wang et al., 2001 - Syn 17% NDF

Harris et al., 1992

Erasmus et al., 2005 - 2
Schingoethe et al., 2004
Robinson - Garrett, 1999 - 2
Erasmus et al., 2005 - 1
Robinson - Garrett, 1999 - 1
Alshaikh et al., 2002
Ramsing et al., 2009 - Syn
Robinson, 1997

Lehloenya et al.-Multi

Figure A.3. Forest plot of random effects SMD for milk protein yield. Only studiddighed in peer reviewed journals are represented.The black squares i

-0.462 0.453 -1.350 0.427 0.308
-0.100 0.646 -1.366 1.166 0.877
0.000 0.447 -0.877 0.877 1.000

Satistics for each study

Sd diff in means and 95% Cl

Stddiff Standard Lower Upper
inmeans  error limit  limit p-Value

0.000 0.408 -0.800 0®M.8 1.000

0.025 0.333 -0.628 0.678 0.940

0.083 0.365 -0.633 0.799 0.820
0.176 0.325 -0.461 0.814 0.587
0.273 0.394 -0.500 1.045 489D.
0.333 0.368 -0.387 1.054 0.365
0.333 0.475 -0.597 1.264 483.

0.397 0.202 0.001 0.793 0.049

0.401 0.305 -0.196 0.998 80.18

0.500 0.391 -0.267 1.267 0.201
1.000 0.642 -0.258 2.258 0.119
0.239 0.097 0.049 0.428 0.014

-2.00 -1.00

0.00

1.00

2.00

the forest plot represent the weighting (by inveesgance) for the represented studye horizontal bars represent the 95% ClI for thdystThe
diamond figure center represents the standardisashmnd the width of the diamond represents the@b&bthe overall treatment effecThe
outcome to the right of an imaginary vertical ltheough O represents an increase in milk fat yieppy et al 2012).
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APPENDIX B

Dairy Longitudinal Survey Page 1

Hello, my name is (enter your name so we know who did the survey) | work for Diamond V, and
we are working withColorado State University on a dairy study to look at risk factors for

severe diarrhea in dairy herds across the US.

Did you receive the letter from Colorado State about the survey.

Your dairy was selected from a randomized sample of dairys to provide data for the analysis.
The interview will take about 15 minutes to complete is voluntary and your answers will be

kept confidential.

Will you participate in the survey and answer questions about your dairy and provide

a backup of the records needed to analyzed for the diarrhea events?

Is this a good time for the discussion

Yes [continue with survey]
No When would be a better time
to call back. [Record name and time for return call]

| am going to ask you a series of questions about your dairy. Please respond as well as
you are able

First we need to collect information to make sure we match the dairy with the

cow records

Dairy Name
Phone Number
Address City

State

Zip

GPS
Owner Phone number
Herdsman Phone number
Veterinarian Phone number
Nutritionist Phone number

168



Dairy Longitudinal Survey

Page 3

This Information for Risk Factors from the operational characteristics of the farm

Dairy Size
Total Cows
Milking Cows
Breed of Cows
Holstein
Jersey
Other

Facilities Type check one
Dry Lot
Freestall
Tie Stall
Cross Ventilated
Tunnel Ventilated
Saudi Style
Utah Style
Other

Milking Parlor Type check one
Rotary
Parallel
Herringbone
Tie Barn
Stanchion
Other

Type of Dairy Records Check one
DC305
DHI Plus
PC Dart
other

% of herd
% of herd
% of herd

Describe

Describe

Describe

( If not one of these 3 end survey, and explain it is in the criteria for the survey and

thank them for their time )
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Dairy Longitudinal Survey Page 5

Feeding Method
TMR
Grazing
Other Describe

Times Fed per day

Times pushed up per day

What do they use to push up, describe

Primary Forage fed on dry matter basis
Alfalfa Aprox Ibs / day (As Fed
Corn Silage
Alfalfa Haylage
Small Grain

Secondary Forage Fed
Alfalfa Aprox lbs / day (As Fed
Corn Silage
Alfalfa Haylage
Small Grain

Tertiary Forage Fed
Alfalfa Aprox |bs / day (As Fed
Corn Silage
Alfalfa Haylage
Small Grain

Herd has been vaccinated in the last year with?

IBR

BVD

SRP

J5

Bovivac S

Autogenous Salmonella bactrin

Endovac Bovi

Other ecoli vaccine
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Dairy Longitudinal Survey Page 7

How do you define Severe Diarrhea in your herd (as opposed to normal diarrhea)

Do you treat Severe Diarrhea different than Normal diarrhea,

Yes [:l No I:l

Describe the treatment protocol

Do you record Severe Diarrhea event in your computer records

If you do not record would you be willing to record Diarrhea events.

How do you record Severe Diarrhea in your records

How would you record a cow with diarrhea and not running a fever and not down in Milk?

How would your record a cow with diarrhea and running a 104 degree fever,

How would you record a cow with bloody watery diarrhea with a 99 degree temperature
and not giving much milk, and very depressed.
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Dairy Longitudinal Survey

Page 9

We are interested in any feed additives you have fed for the previous 6 months. Please
indicate if you feed any of the following products and when you started feeding them

and to which groups in the herd

(Please repeat until you have 6 months of information

Diamond V Yes
No
YC

Bovamine Yes
No

Priority One Yes
No

Omnigen Yes
No

Celmanx Yes
No

Amax Yes
No

XP

Aspergillus oryzae - Amaferm

Yes
No

Live Yeast Yes
No
What brand of Live Yeast

Other Direct Fed Microbial?

Yes
No
What brand

% of herd or groups, (ie fresh cows only) |:|

Start date
XPC

% of herd or groups, (ie fresh cows only) :l

Start date

% of herd or groups, (ie fresh cows only) |:|

Start date

% of herd or groups, (ie fresh cows only) |:|

Start date

% of herd or groups, (ie fresh cows only) :l

Start date

% of herd or groups, (ie fresh cows only) |:|

Start date

% of herd or groups, (ie fresh cows only) |:|

Start date

% of herd or groups, (ie fresh cows only) :l

Start date

% of herd or groups, (ie fresh cows only) |:|

Start date

What is the reason you fed the feed additive
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Dairy Longitudinal Survey

Page 11

We are interested in any feed additives you have fed for the previous 6 months. Please

indicate if you feed any of the following products and when you started feeding them

and to which groups in the herd

page 2 of additives

(Please repeat until you have 6 months of information

Diamond V Yes
No
YC

Bovamine Yes
No

Priority One Yes
No

Omnigen Yes
No

Celmanx Yes
No

Amax Yes
No

XP

Aspergillus oryzae - Amaferm

Yes
No

Live Yeast Yes
No
What brand of Live Yeast

Other Direct Fed Microbial?

Yes
No
What brand

% of herd or groups, (ie fresh cows only) [:I

Start date
XPC

% of herd or groups, (ie fresh cows only) :I

Start date

% of herd or groups, (ie fresh cows only) l:l

Start date

% of herd or groups, (ie fresh cows only) l:l

Start date

% of herd or groups, (ie fresh cows only) |:|

Start date

% of herd or groups, (ie fresh cows only) |:I

Start date

% of herd or groups, (ie fresh cows only) :]

Start date

% of herd or groups, (ie fresh cows only) |:|

Start date

example MOS or other bacteria

% of herd or groups, (ie fresh cows only) I:I

Start date

What is the reason you fed the feed additive
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Dairy Longitudinal Survey Page 13

Do you feed Rumensin

Yes % of herd or groups, (ie fresh cows only) |:|

No Start date

Collect a Back up file from their computers
What is the back up file named

Is it ok to contact your nutritionist to verify or find out any nutritional information you were

unable to confirm
Yes
No

(Fill in blank areas if needed from nutritionist.)

Thank you for your help on this project. We will be returning in 6 months to pick up
another back up and see if anything has changed in your feeding program or
dairy operation since this interview

Do you have a phone number | can call to make an appointment?

Thanks

FigureB.1. Survey instrument used for study of the association of varinugron risk factors and direct fed
microbial products on the incident rate of diarrhea in dairy cattle in the US ina2@i13014.
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