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Abstract 
Data for the period 2015-04 to 2015-09 was analyzed in order to examine the possible 

relationship between teat wash failure and the result on milk yield for dairy cows. Data 

provided by Sveriges Lantrbruksuniversitet over 49 093 specific milking events were used. 

Two linear mixed-effects models and one basic OLS-model were estimated. In order to 

perform the analysis a lot of data manipulation also had to be performed.  

The data analysis was divided into to two parts. First the variable of interest (teatwash) 

was examined by constructing two versions of the different models; an unrestricted- and 

a restricted version were teatwash had been excluded. Because of the large sample and 

linear mixed-effect models an out-of-sample forecasting method was used as the primary 

evaluation criteria. The prediction errors were evaluated on the basis of root mean 

squared error (RMSE) and mean squared error (MSE). The difference between the 

unrestricted- and restricted models was very small and no indication of a relationship 

between teat wash failure and milk yield was found.  

The second part involved the comparison of prediction errors between the two mixed-effect 

models and the OLS-model. Surprisingly, the basic OLS-model resulted in the lowest 

prediction error although obvious breach of assumptions.  
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Introduction  
The method of using dairy cattle in order to produce milk is almost as old as that of animal 

husbandry. Cow milk is still today a very much loved and used product. The process of 

milking has looked the same during most of the centuries passed ever since its beginning, 

that is until recently when the technology started to converge towards automation. Since 

the late 20th century automated milking system (AMS) have been under development and 

since the 90’s it has also been available commercially. The adaptation to automation of 

the dairy industry could have a large impact on all parties involved. Maybe most affected 

by these new fully automated systems will be the farmer herself. The use of automation 

will probably lead to a substantial decrease in the required labor. Moreover, the need for 

almost constant presence by the farmer will also be relaxed by relying on robots and 

computers.  

However, the use of AMS-systems is rather complex and there are many things that can 

go wrong.  This paper focuses on one of those possible errors related to the process of 

identification of the teats. More specific, the error made by the machine when not washing 

the teats properly. The purposes of washing the teats are to remove any possible sources 

of contamination from the teats, and to stimulate the cow to release the milk. There are 

several reasons related to better milk quality to why the teat need to be washed 

thoroughly. Washing the teat before milking could also have an impact on the milking 

process itself, for example by improving the interaction of the teat cup and the teat. 

Perhaps the most important purpose of the teat wash is physical stimulation of the udder. 

The teats might not be dirty even though they were not washed and in this case the effect 

of omitted teat wash on the milking results is only a direct consequence of no physical 

stimulation from the washing process (Animal Products Group, 2015). There are few or 

no earlier research which can confirm the possible outcomes on the milking results 

affected by missing teat wash. This paper will strive to answer at least one of these 

possible outcomes, if there is a significant relationship between teat wash failure and milk 

yield. There are of course more potential issues related to teat wash failure, such as the 

effect on milk flow, milking time and milk quality. However, this will not be focus of this 

report as we will primary be focusing on the effect on milk yield.  

In order to analyze the relationship between teat wash failure and milk yield, we will use 

existing data from an automatic milking system, during the period 2015-04 to 2015-09. 

We will use this data to estimate several linear mixed-effects models where we use the 

milk yield as the response variable and teat wash failure as an explanatory variable, while 
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also controlling for other more traditional variables used in regression analysis of milk 

yield. Furthermore, we want to estimate two different mixed effects models (with respect 

for how they specify the variable days in milk) for the purpose of comparison. We will also 

estimate a simpler linear regression with ordinary least squares in order to determine if 

the mixed-effect models are better or not. We will use out-of-sample forecasting as our 

primary method of evaluation and to examine which model that has the highest 

performance. 

Method 

The data is provided by the Swedish University of Agricultural Sciences (Sveriges 

Lantbruksuniversitet) which is a university with a comprehensive knowledge of the 

sustainable use of biological natural resources, within the environment and life sciences.  

Our primary model to be estimated is developed by Trinderup (2009). This model is 

accepted by the ICAR (International Comitee of Animal Recording) as the standard model 

to be used when calibrating electronic milk meters. Our alternative model upon which we 

will compare our primary model to is developed by Wilmink (1987). Wilmink established 

a method for the adjustment of milk, fat and protein yield based on the variables age at 

calving, stage of lactation and month of calving.  He used generalized least squares to 

analyse 14 275 purebred Dutch Friesians, where age differences for different stages in 

lactation was treated to fit lactation and age in month in a function. Our intention is to 

use his model as a reference when specifying the alternative model, which then will be 

compared with the primary model.  

We will use the mixed effects modelling method to estimate the effect of omitted teat wash 

on milk yield, as well as controlling for other explanatory factors. For each model we will 

do four estimations, one for each of the cows’ teat. A model is identified as a mixed-effect 

model by containing both fixed- and random effects. The random effects are summarized 

according to the estimated variances and covariance. Hence, they are not straightforward 

estimated, but related to a particular individual from the population drawn at random 

and show the general variability between the subjects. The regular linear regression part 

of the model represents the fixed effects that are, in contrast to random effects, estimated 

directly and show us the differences in mean between different factors. The fixed effects 

do not have any prior distribution whereas random effects do, which is assumed to be 

normally distributed with mean zero. Moreover, when random coefficients are included, 

each subject has its own regression equation which also makes it possible to asses if the 

individuals are different in their means. (Albright & Marinova, 2010). 
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Even though the investigated relationship of teat wash failure could be estimated using 

only fixed-effects, it would not provide a useful representation of the data. Its basic 

problems are that it only models the specific sample of cows used in the experiment, while 

the main interest is in the larger population. (Pinherio et al, 2000). However, in order to 

investigate the differences between mixed-effects models and regular linear regression for 

our type of data, we will also estimate a base model with ordinary least square - 

estimation. This OLS-model will be evaluated together with the primary and alternative 

model to give an indication if the more complex random-effects add to the model’s fit and 

performance.  

Mixed-effects model is a type of multilevel model, which means that the parameters vary 

at more than one level and because we have repeated measurements on each subject over 

time, we find that this particular method is appropriate for our dataset. This type of 

regression that involve both fixed- and random effects gives the analysis a new range of 

possibilities for all the levels that are necessary to have in account. When preforming the 

mixed effects regression, we will obtain trends in milk yield as a combination of the overall 

trend which represent the fixed effects and variations on that trend for the different 

classifications, which will be the random effects.  

In order for the broad variety of correlation structures to be well modelled, it is necessary 

to provide an adjustable way to perform the analysis, which mixed model allows. In 

general, measuring each subject multiple times makes the error-terms correlated, which 

violate the assumptions of standard regression models. Another good characteristic about 

mixed models is that if the repeated measurements have an odd and unbalanced spacing, 

there will be no problematic consequences as they get naturally organized with mixed-

effects models. Mixed models are also more interpretable than usual repeated measures 

methods (Seltman, 2015). 

Mixed-effects models are very complex and the procedure to estimate the random effects 

requires a rather high degree of computational power, these types of models are relatively 

new and are still being developed and improved. Although, because of the many 

advantages with mixed-effect models, such as the capability of handling unbalanced data 

and to give an easy interpretation of the estimated coefficients, they are diligently used 

in a number of areas in statistics (Pinheiro et al, 2000).   

To estimate our primary and alternative model we will be using version 1.1-10 of the 

package lme4 (Bates et al, 2015) in R. The primary estimation methods used to estimate 
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mixed-effect models are maximum likelihood (ML) – or restricted maximum likelihood 

estimation (REML). However, the choice of which estimation technique to use is not as 

straightforward as one would hope. There are different recommendations on which 

technique to use depending on the characteristics of the data and specification of model.  

Zuur (2009) suggests that REML should not be used when comparing models with 

different fixed effect and when only including one random effect in the model. For this 

reason, we will use ML-estimation when we estimate the primary and alternative model. 

The results from REML-estimation would however probably not be that different from 

ordinary ML-estimation as the included random effect is not as complex as they could be, 

for example when estimating a hierarchical relationship between several random effects 

(Pinheiro et al, 2000).  

In previous mixed modelling packages compatible with R and in proc mixed in SAS there 

have been the possibility of manually specifying the variance-covariance structure of the 

data. Conversely, this option has been deliberately left out in the lme4 package. The 

reason for this is very complex and involves the specifics of how estimation with lme4 is 

performed (Bates et al, 2015). Repeated measure data, such as ours, often have the 

tendency to have correlated observations in regard to time (Laird et al, 1982). For 

example, two observations taken with little time in between measurements probably will 

have a stronger correlation than in comparison to observations taken with more time in 

between measurements. There are several different variance-covariance structures 

available to choose from (for those methods where it is even an option to specify it at all). 

In the process of estimating the primary and alternative model we tried using an older R 

package nlme (Pinherio et al, 2015) in order to specify these covariance structures. The 

results from these estimations were however quite similar to the results from the 

estimations by lme4. On the basis of parsimony and the extended diagnostic procedures 

available in lme4 we will choose to use this package instead of nlme and thereby not 

specify the variance-covariance structures manually.  

A lot of the focus of this paper have been to deal with a significant amount of so called 

dirty data. Furthermore, in order to combine all the data into one dataset, several steps 

of data manipulation have been required. The main dataset which was estimated to fit 

the models was originally made up of three different types of datasets. There is one type 

of dataset which contained the information from the milking procedures, such as milk 

yield, date of milking and animal id for the specific cow. The second dataset consisted of 

the different types of error and malfunctions associated with the milking procedure. There 
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are different types of possible errors in the milking process, where omitted teat wash is 

just one specific error out of many. In addition, in order for the AMS-system to produce a 

specific error-message it is required for the system to identify which type of error that 

have occurred in the first place. That is, there are probably some error messages that are 

reported as miscellaneous but are in fact also omitted teat wash-errors. There is however 

no way for us to identify this which is why we only included omitted teat wash-errors in 

our estimations. The third dataset used consisted of background variables for the cows, 

such as calving date, number of calves and age. The datasets for the milking results and 

errors was also reported separately for each month, which meant that a total of thirteen 

datasets was to be combined into one when performing the estimations.  

As mentioned above, the merging of these datasets required a lot data manipulation. For 

example, the dataset for the background variable contained several rows for each cow 

depending on the number of calves. When a new calve was born it resulted in a new row 

for that specific cow. This meant that when merging this document with the milking 

procedures document, by the variable animal id, several rows was created for the same 

specific milking event. This problem was amended by first subsetting the data on the 

condition that calving date could not be after the date for the specific milking. This 

resolved some of the problem, however there were still several rows for the specific 

milking event if the cow had several calves before the date of the milking event. The 

problem was finally solved by adding a function which selected the maximum value of the 

calving date so that only relevant data was displayed. Another dilemma that arose in the 

data manipulation process was the choice if we should keep those observations where 

another error than just teat wash failure had occurred. Since the primary focus of this 

paper is to investigate the relationship between milk yield and teat wash failure, we 

decided to exclude those observations. More details about the data manipulation process 

is found in the R-code in appendix.  

The traditional way to decide if a parameter has a significant effect on the dependent 

variable is for example to use t-test and F-test. These tests could then be judged by the 

provided p-value and the researcher could decide if the parameter is significant or not. 

However, recent research such as Lin et al (2013) have shown that p-values could be 

misleading when using large-samples datasets, such as ours. Furthermore, the creator of 

the linear mixed-model package lme4 in R have also chosen not to include p-values for the 

estimated fixed effects (Bates et al 2015). There are numbers of alternative methods for 

examining if an estimated parameter is significant or not. For example, one could perform 
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a likelihood ratio test (LRT) between a restricted and unrestricted model. The restricted 

model is defined in the same way as the unrestricted with the exception of dropping the 

variable of interest; teatwash. A somewhat extension of this is by using likelihood ratio 

tests combined with a parametric bootstrap technique.  

We will use the function PBmodcomp in the package pbkrtest provided by Halekoh & 

Højsgaard (2014) in order to perform the parametric bootstrap. The procedure is 

performed by first generating a number of samples of the likelihood ratio test statistic 

under the fitted hypothesis (under the fitted restricted model). P-values are then 

calculated by two different approaches. First by assuming that the LRT has a chi-square 

distribution, which is the same assumption used when calculating the p-value for the LRT 

without the bootstrap technique. There is also a p-value provided by calculating the 

fraction of simulated LRT-values that are larger or equal to the observed LRT-value, this 

is referred to as PBtest in the output (Halekoh & Højsgaard, 2014). We will then use the 

results from these simulations in order to assess if the variable teatwash has a significant 

effect on the dependent variable. This method is favoured in comparison to t- or/and F-

tests and also the LRT-values that are calculated by the default ANOVA function in R 

(Bates et al, 2015).  

We will however use forecasting as our main method of evaluation. There are a lot of 

advantages to use forecasting and especially out-of-sample forecasting since we need not 

to consider the results from t- and F-tests, which had been proven problematic in linear 

mixed-effects models. By using forecasting, we can also overcome some of the problems 

that arises if our models do not completely meet the assumptions, such as 

heteroscedasticity. Out-of-sample forecasting is used by making predictions on the 

dependent variable with the estimated model, based on observed values for the 

explanatory variables which have not been included in the estimated dataset. In this 

paper we will use the observed values for October and November to do predictions on. The 

predicted values of the dependent variable are then compared with the actual values for 

the same variable. We will use the measurements mean squared error (MSE) and root 

mean squared error (RMSE) to assess which model that is the preferred one. RMSE is 

used because it penalizes larger prediction errors in comparison to MSE. The values for 

the MSE and RMSE will not be compared to any standard recommendations, as it 

depends on what data that is being predicted. Instead, we will compare these values with 

the same values from the different models. Let’s say that the unrestricted primary model 

has a lower value for the (R)MSE than the restricted. Then this result is an indication 
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that the left out variable, in this case the dummy for teatwash, has an effect on the 

dependent variable milk yield. Furthermore, to investigate if the variable has a positive 

or negative effect, we will use the estimated coefficient and confidence interval from the 

estimation.  

Model 
The primary model to be used when estimating the milk yield per teat is a modification 

of the model used by Trinderup (2009) and is defined as follows:  

𝑌𝑖𝑗 =∝1 (𝐷𝑎𝑡𝑒𝑖) +∝2 (𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) + 𝛽1 ∗ 𝐷𝐼𝑀𝑖 + 𝛽2 ∗ 𝐷𝐼𝑀𝑖
2 + 𝛽3 ∗ 𝐷𝐼𝑀𝑖

3 +  𝛽4 ∗
1

𝐷𝐼𝑀𝑖

+  𝛽5(𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) ∗ 𝐷𝐼𝑀𝑖 + 𝛽6(𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) ∗ 𝐷𝐼𝑀𝑖
2 + 𝛽7(𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) ∗ 𝐷𝐼𝑀𝑖

3

+ 𝛽8(𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) ∗
1

𝐷𝐼𝑀𝑖
+  𝛽9 ∗ 𝑇𝑒𝑎𝑡𝑤𝑎𝑠ℎ𝑖𝑗+∝ (𝐶𝑜𝑤𝑖) + 𝜀𝑖 

Model 1. Primary model 

𝑌𝑖𝑗: 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑟𝑒𝑑 𝑚𝑖𝑙𝑘 𝑦𝑖𝑒𝑙𝑑 (𝑘𝑔) 

𝐶𝑜𝑤𝑖: 𝐼𝑑𝑒𝑛𝑡𝑖𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑛𝑢𝑚𝑏𝑒𝑟 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑐𝑜𝑤 

𝐷𝑎𝑡𝑒𝑖: 𝐷𝑎𝑡𝑒 𝑜𝑓 𝑚𝑖𝑙𝑘𝑖𝑛𝑔  

𝐷𝐼𝑀𝑖: 𝐷𝑎𝑦𝑠 𝑖𝑛 𝑚𝑖𝑙𝑘 (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑠𝑖𝑛𝑐𝑒 𝑐𝑎𝑙𝑣𝑖𝑛𝑔) 

𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖: 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑚𝑖𝑙𝑘𝑖𝑛𝑔 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑑𝑎𝑦 (𝑡𝑤𝑜 𝑡𝑖𝑚𝑒𝑠: 𝑎𝑚, 𝑝𝑚) 

𝑇𝑒𝑎𝑡𝑤𝑎𝑠ℎ𝑖𝑗: 𝐷𝑢𝑚𝑚𝑦𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑡𝑒𝑎𝑡, 𝑖𝑓 1 𝑡ℎ𝑒𝑛 𝑡𝑒𝑎𝑡 𝑛𝑜𝑡 𝑤𝑎𝑠ℎ𝑒𝑑 𝑝𝑟𝑜𝑝𝑒𝑟𝑙𝑦 

𝜀𝑖: 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 (𝑘𝑔) 

𝑖 = 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑐𝑜𝑤 

𝑗 =   [

𝑙𝑒𝑓𝑡 𝑓𝑟𝑜𝑛𝑡 𝑡𝑒𝑎𝑡
𝑟𝑖𝑔ℎ𝑡 𝑓𝑟𝑜𝑛𝑡 𝑡𝑒𝑎𝑡 

𝑙𝑒𝑓𝑡 𝑟𝑒𝑎𝑟 𝑡𝑒𝑎𝑡
𝑟𝑖𝑔ℎ𝑡 𝑟𝑒𝑎𝑟 𝑡𝑒𝑎𝑡

] 

 

The difference between this model and the one defined by Trinderup is the added variable 

teatwash and that our model is measuring milk yield per teat, which in fact results in four 

models.  

The variable days in milk (DIM) is defined as the number of days since latest calving. 

DIM is not included in the original data but is calculated as the difference in days between 

most recent calving date and the date for the milking event. DIM follows a characteristic 

curve depending on time since calving, which is why different functions of this variable 

also are included in the model. Milking is a fixed effect which allows for different levels 

for milk yield as well as allowing for different slopes depending on time of day when the 
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milking procedure occurred. The variable date is included to control for day-specific 

occurrences. The effect of the specific cow is modelled as a random effect.  

There are several individual specific effects that could have a potentially large effect on 

milk yield, which unfortunately are hard to control for. The feeding of the individual cows 

could have different effects on different cows. Even though there may be a general amount 

of feed served each day, the effect on milk yield may vary for different cows. However, this 

can be controlled for by including the identification number as a random effect. There are 

also other effects, due to the specific characteristics of each cow that can be controlled for 

by including the identification number. These effects could for example be from the 

specific race or genes which varies between each cow. Furthermore, the quality and 

quantity of the feed could vary between each day which could also have an effect on the 

milk yield. This is controlled for by including the specific date of the milking event in the 

model. (Trinderup 2009). Other possible factors affecting milk yield are sickness and heat, 

however these factors were not available in the used dataset.  

The alternative model to be estimated and later compared with is also a linear mixed-

effect model. The difference between the models is only due to how different functions of 

the variable DIM are included. The alternative model is defined as follows:  

  

𝑌𝑖𝑗 =∝1 (𝐷𝑎𝑡𝑒𝑖) +∝2 (𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) + 𝛽1 ∗ 𝐷𝐼𝑀𝑖 + 𝛽2 ∗ 𝐷𝐼𝑀𝑖
2 + 𝛽3 ∗ 𝑒𝑥𝑝{0,05𝐷𝐼𝑀𝑖}

+  𝛽4(𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) ∗ 𝐷𝐼𝑀𝑖 + 𝛽5(𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖) ∗ 𝐷𝐼𝑀𝑖
2 + 𝛽6(𝑀𝑖𝑙𝑘𝑖𝑛𝑔𝑖)

∗ 𝑒𝑥𝑝{0,05𝐷𝐼𝑀𝑖} +  𝛽7 ∗ 𝑇𝑒𝑎𝑡𝑤𝑎𝑠ℎ𝑖𝑗+∝ (𝐶𝑜𝑤𝑖) + 𝜀𝑖 

Model 2. Alternative model. 

This model is based upon the model used by Wilmink (1987), however with some 

modifications.  

The reason to why we have chosen to estimate two different models is primarily because 

of the shape of the lactation curve. The lactation curve is similar for all cows but with 

slight differences between individuals depending on numerous factors, such as genetics, 

breed, age, etc. Figure 4 in the descriptive section illustrate the data-sample’s lactation 

curve for each teat.  Because of the complexity of the lactation curve there is no 

straightforward way to model it. Different functions of days in milk are used in different 

publications and it is hard to conclude which model produce the best fit. Hence, our choice 

to estimate two different models and then compare them. 



 

12 
 

Finally, as mentioned previously we will also estimate a more simplified OLS-model. This 

model will be based upon the primary model with the exception of dropping the random 

effect, which is the identification number for the specific cow. As previously mentioned, 

this model will not meet all the assumptions for the regular OLS. The observations will 

not be completely independent because of the repeated measures data. However, we will 

only use this base model in order to examine the influence that the random effect has 

when included in a model.  

Assumptions 

The assumptions of linear mixed-effects models are very similar to the ones for the basic 

linear regression models, such as linearity. Furthermore, there are two more basic 

distributional assumptions for the type of mixed-effects model which we use in this paper. 

The first assumption is that of independence and identically normally distributed within-

group residuals. The residuals are also required to have mean zero and constant variance 

e.g. 𝜀𝑖𝑗  ~ 𝑁(0, 𝜎2) as well as being independent from the random effects. The second 

assumption of mixed-effects models concern that of the random-effects. The random-

effects are assumed to be normally distributed, with zero mean and homogenous 

covariance matrix (not depending on the group) e.g. 𝛼(𝐶𝑜𝑤𝑖)~ 𝑁(0, 𝜎2) . The random-

effects are also required to be independent for each group. (Pinheiro et al, 2000). 

 

Descriptive statistics 
The dataset that we use in our analysis is very large with 49 093 observations for a lot of 

different variables. A majority of these will however not be used directly in our estimation 

but indirectly as they often provide the basis for the other variables, such as the 

calculation of the variable DIM. In this section we will provide some important descriptive 

statistics over some of the included variables.  

The total number of teat wash failures is 18 466. Figure 1 represent the total amount of 

teat wash failure divided into the four different teats. A dominant proportion of all errors 

is associated with the right rear teat. The left rear teat also has a high proportion of these 

errors. This could imply that there is either a regular behaviour among the cows during 

the milking process, a recurrent error in the robot doing the job or another factor that is 

causing the wash of the rear teats to fail.  Since up to four teats can be unwashed in a 

single milking event, the number of milking event that resulted in teat wash failure for 

one or more teats is 14 571 and the exact distribution of the number of unwashed teats is 

presented in figure 2.  
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Figure 1. Pie chart over distribution of missed teat wash of total 18 466. 

 

Figure 2. Bar chart over teat wash failures divided by the number of unwashed teats for a specific milking 

event.  

 

The mean milk yield for each teat is to be found in table 1. There are no extreme 

differences in the means between the teats, but we see that the right rear teat has the 

highest mean with 4.39 kg and the left front teat has the lowest mean with 3.05 kg. The 

proportion of total milk yield accountable for each teat is also presented. As already 

shown, the rear teats have a slightly larger milk yield than the front teats.  

 

 

 Left front Right front Left rear Right rear 

Mean milk yield 3.05 3.15 4.38 4.39 

Proportion milk yield 21.06% 21.06% 29.31% 29.23% 
Table 1. Mean and proportion of milk yield for each teat, in kg of milk.  
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Table 2 presents some main statistics for the total milk yield. The fact that there is quite 

the difference between the maximum- and minimum values is expected since there are a 

lot of different factors affecting the milk yield, such as DIM. The spread of the milk yield 

is perhaps better shown in the boxplots in figure 3. The boxplots follow the same pattern 

as each other with quite a large group of outliers in the top section. There is also a very 

logical reason to why there are not any outliers in the bottom part of the boxplot as values 

for milk yield cannot be negative. Moreover, as previously stated there is a quite large 

difference in the mean milk yield between the front and rear teats.  

 

Mean Variance Standard deviation Maximum Minimum 

14.9711 25.51538 5.051275 38.15 1.15 
Table 2. Values of the total milk yield. 

 

 

 

Figure 3. Boxplot of the milk yield for each teat. 

 

The difference between the primary- and alternative model is the different functions of 

the variable DIM. One of the reasons to why there are different functions for this variable 

in the previous research is because of the shape of the lactation curve. In figure 4 we have 

created such a lactation curve for each teat based on our data. It is simply milk yield 

plotted against the number of days since the latest calving. However, for a much easier 

interpretation we have taken the mean of all the different lactation curves. As expected 

in accordance to theory, the milk yield rises quickly after the calving date until 

approximately 50 days where it starts to decline (Wilmink, 1987).  
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Figure 4. Lactation curves for each teat.  

Final note on the models 
There is quite the strong correlation between the four variables of milk yield (table 3). 

Therefore, it would be preferred to perform a multivariate analysis using these 

correlations in order to achieve a higher power than in comparison to estimating four 

univariate models. However, we have not been able to find a suitable method to perform 

this multivariate analysis in either R or SAS, which is why we estimate univariate models 

instead. 

 Left forward Right forward  Left rear Right rear 

Left forward 1.000 0.807 0.556 0.569 

Right forward 0.807 1.000 0.606 0.605 

Left rear 0.556 0.606 1.000 0.740 

Right rear 0.569 0.605 0.740 1.000 
Table 3. Correlation matrix for milk yield divided per teat. 
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Results 

Examining the assumptions  
In the following section the results from our estimations will be presented. In order to 

answer the question if teat wash failure is a significant factor to milk yield we first need 

to check if the assumptions of our model is reached. To begin with, we need to investigate 

if the residuals are approximate normally distributed. This can be done in several ways, 

one of which is to visually inspect normal QQ-plots and histograms over the residuals. In 

figure 5 and figure 7 (in appendix) we present these plot for the estimated primary model. 

Looking at these graphs we can observe a characteristic S-shaped curve for the residuals 

in each teat. This shape is an indication of a heavy-tailed distribution which are heavier 

than expected under the assumption of normality. However, the histogram over the 

residuals confirm that the distribution for each teat is quite symmetric around zero and 

do resemble the normal distribution. In fact, the distribution for the residuals could 

perhaps resemble more that of a t-distribution with a few degrees of freedom. This is also 

confirmed when plotting a QQ-plot with a t-distribution and five degrees of freedom 

(figure 9 in appendix). Almost all of the residuals are inside the confidence interval of the 

t-distribution. This problem is discussed by Pinherio et al (2000) and their conclusion is 

that as the heavier tails seems to be distributed symmetrically it should not affect the 

estimates for the fixed effects considerably under a t-distribution. They also argue that 

one of the consequences with a heavy-tailed distribution is that it could inflate the 

estimates of the within-group standard error, which leads to a more conservative test for 

the fixed effects. This conclusion should also be taken into consideration when evaluating 

our model and testing if missed teat wash is significantly different from zero.  

 

Figure 5. Normal QQ-plots over residuals from primary model.   
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Secondly, we need to evauluate if the produced residuals have a constant variance. This 

is done by plotting the whitin-group residuals against the fitted values and checking for 

heteroscedastisticy. From figure 12 in appendix we observe a slight increase in the spread 

of the residuals as we move along the x-axis. This could be an indication that the model 

have a slight tendency towards heteroscedasticity. However, as our final decision about 

the effect of omitted teat wash will be based upon the results from the forecasting, 

fourtunately we can disregard much of the problem with heteroscedasticity. 

The second assumption of a linear mixed-model is that the random effects are normally 

distributed with mean zero. The random effects are per definitaion not observable and in 

order to investigate this assumption we will have to use the estimates of the random 

effects, which in mixed-modelling terms are refered to as best linear unbiased predictors 

(BLUPs) (Bates, 2010).  

We can check if the BLUPs are approximate normally distributed in the same way as we 

checked the residuals, by using normaility QQ-plots. From the graphs in figure 6 we can 

conclude that the BLUPs from our primary model are approximate normally distributed 

which indicates that the assumption of normality in the random effects are also achieved.   

  

  
Figure 6. Normal QQ-plots over BLUPs from primary model. 



 

18 
 

Almost the exact same discussion above could be applied for the assumptions of the 

alternative model as well. The results from the QQ-plots (figure 10 and figure 11), 

histogram (figure 8) and scatterplot (figure 13) are very similar to the primary model and 

can be found in the appendix. The same heavy-tailed distribution for the residuals are 

also present in the alternative model. This also applies for the fitted residuals versus the 

observed residuals. For a discussion about the assumptions of the alternative model, we 

refer to the arguments above.  

 

Estimation 
After controlling that the assumptions are fulfilled we can move on to the other results 

from the estimation of our primary model. In table 12 to 16 (17-21 for the alternative 

model) in appendix we have presented the estimation output.  

As previously mentioned, the details from the standard t-tests and F-tests will not be 

presented or discussed in this paper. Instead we will use the estimated models in order to 

make a parametric bootstrap between a restricted and unrestricted model. Remember 

that the difference between these models is that the variable teatwash has been dropped 

in the restricted model. In table 4 the results from these bootstraps are presented. The p-

values for both the LRT and the PBtest yields the same answer. The front teats have very 

low p-values which is an indication that the variable teatwash really do have an effect for 

milk yield for these specific teats. On the contrary, the same effect could not be said to be 

present on the milk yield for the rear pair of teats. The p-values for these teats are quite 

high, especially for the right rear teat. 

Left front Right front 

stat df   p.value 

LRT    1341.2  1 < 2.2e-16 *** 

PBtest 1341.2     0.000999 *** 

stat df   p.value 

LRT    29.548  1 5.454e-08 *** 

PBtest 29.548     0.000999 *** 

Left rear Right rear 

stat df p.value 

LRT    2.918  1 0.08760 . 

PBtest 2.918    0.09391 . 

stat df p.value 

LRT    0.4372  1  0.5085 

PBtest 0.4372     0.5015 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Table 4. Results from parametric bootstrap – primary model, 1000 simulations. 

 

 The estimated coefficients for the variable teatwash have an overall small effect (table 

12-16 in appendix). A more detailed view is given in table 5 were 95 % confidence intervals 
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for the coefficient of the variable teatwash is presented. These confidence intervals are 

computed using Walds-method in the package lmerTest in R (Kuznetsova, 2015). Both of 

the rear teats have confidence intervals that stretches from negative to positive. This 

could be seen as an indication that the variable teatwash does not have an effect on milk 

yield for these teats. On the other hand, the confidence intervals for the forward teats are 

strictly positive indicating that, in contrary to our belief, there is a positive relationship 

between missed teat wash and milk yield. However as discussed previously, because of 

the very large sample, estimation using mixed-effect and very small effect sizes, we cannot 

really conclude that this effect is real.  

Left front 0.002 0.083 

Right front 0.049 0.104 

Left rear -0.042 0.002 

Right rear -0.024 0.012 
Table 5. 95 % Confidence interval on the estimated coefficient for teat wash dummy, primary model. 

 

Running the parametric bootstrap on the alternative model yields somewhat similar 

results as for the primary model. (Table 23 in appendix). Both rear teats have very high 

p-values and we cannot see an indication that the variable teatwash has an effect. The 

biggest difference between the models is that in the alternative model only the right 

forward teat has a low p-value. This is an indication that the variable teatwash has an 

effect on the milk yield for this specific teat. However, we cannot find such an indication 

for the left forward teat as it had a much higher p-value. Ultimately however, we will not 

base our final conclusions upon the result from these bootstraps. Instead, we will use 

forecasting to determine which model that is the best and if the variable teatwash has an 

effect on the milk yield for each teat.  

Forecasting 

Variable evaluation 

In this section we will present the results from the different forecasts. To begin with, we 

will evaluate if there is any difference between the forecasting accuracy of the 

unrestricted- and restricted versions of both the primary and alternative model.  This will 

provide some evidence to the importance of the variable teatwash. If there is any 

difference that we assess to be of enough magnitude, we will use the estimated coefficients 

to assess whether this effect has a positive- or negative impact on milk yield. Secondly is 

the evaluation of the three different models. We will evaluate the difference between 

predicted and observed values for the primary-, the alternative- and the OLS-model. The 
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results from this comparison will provide some evidence to which model that should be 

preferred to use with this type of data.  

To start with, we will assess the effect of the variable teatwash in the primary model. In 

table 4 and 5 we present the calculated RMSE and MSE between the predicted values of 

both the unrestricted- and restricted models and the observed values. Evidently, the 

differences are negligible. For all teats, the difference between the predictions errors are 

smaller than 0.1% of the prediction error of the unrestricted model. Hence, we cannot 

conclude that the variable teatwash has any effect on milk yield, at least not in the 

primary model.   

 Left front Right front Left Rear Right rear 

Unrestricted 1.182885 1.315601 1.805373 1.77042 

Restricted 1.182548 1.31588 1.805343 1.77028 

Difference 0.000337 -0.000279 0.00003 0.00014 
Table 6. RMSE measurements for the primary model. 

 Left front Right front Left rear Right rear 

Unrestricted 1.399217 1.730805 3.259371 3.134388 

Restricted 1.39842 1.731541 3.259264 3.133891 

Difference 0.000797 -0.000736 0.000107 0.000496 
Table 7. MSE measurements for the primary model. 

 

The next step is to evaluate if the lack of importance of the variable teatwash is the same 

in the alternative mode, as it is in the primary model. In table 8 and 9 we present the 

values of the prediction errors for the alternative model. The evidence of no serious effect 

of the variable teatwash is perhaps even stronger in the alternative model. The difference 

between the prediction errors for the unrestricted and restricted model is negative for all 

teats, except for the left front. That is, for a majority of the teats, the restricted model is 

actually better at predicting than the unrestricted model. Moreover, the differences are 

very small and cannot be perceived as significant.  In similarity to the primary model, we 

cannot conclude that the variable teatwash has any effect on milk yield. The same 

conclusion is also found by examining the OLS-model (table 24 and 25 in appendix).  

 Left front Right front Left rear Right rear 

Unrestricted 1.607209 1.520951 1.98447 2.040992 

Restricted 1.60656 1.523458 1.985704 2.04105 

Difference 0.000649 -0.002506 -0.001233 -0.000058 
Table 8. RMSE measurements for the alternative model 
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 Left front Right front Left rear Right rear 

Unrestricted 2.583121 2.313293 3.938123 4.165649 

Restricted  2.581035 2.320923 3.943020 4.165885 

Difference 0.002086 -0.007631 -0.004897 -0.000236 
Table 9. MSE measurements for the alternative model 

 

Model evaluation 

In the previous part we compared the prediction errors for the unrestricted- and restricted 

versions of the primary- and alternative model. We also concluded that teatwash cannot 

be said to have any effect on milk yield. The next question to answer is if there are any 

differences in the predictive performances between the primary-, alternative-, and the 

OLS-model. We will compare the predictive errors of the unrestricted versions of the 

models, which is presented in table 10 and 11. Evidently, there is quite a difference 

between the predictive performance of the primary- and the alternative model. The 

primary model is better in all aspects, at least when it comes to forecasting. The 

differences between the predictive errors are not as small as they were in the previous 

part either. On the contrary, we consider these differences to be sufficiently large in order 

to conclude that the primary model is better than the alternative. However, a very 

interesting result is that the OLS-model actually has lower prediction error than the 

primary model. Only the primary model for the left front teat has a higher predictive 

performance than the OLS-model, for all other teats is the OLS-model better at predicting.  

 Left front Right front Left rear Right rear 

Primary 1.182885 1.315601 1.805373 1.77042 

Alternative 1.607209 1.520951 1.98447 2.040992 

OLS 1.245177 1.231915 1.527966 1.555905 
Table 10. RMSE measurements for the primary, the alternative and the base model. 

 Left front Right front Left rear Right rear 

Primary 1.399217 1.730805 3.259371 3.134388 

Alternative 2.583121 2.313293 3.938123 4.165649 

OLS 1.550466 1.517615 2.336136 2.424136 
Table 11. MSE measurements for the primary, the alternative and the base model. 

 

  



 

22 
 

Conclusion 
To summarize, we have used linear mixed-effect modelling in order to investigate the 

relationship between omitted teat wash and milk yield. For this purpose, we have also 

used different evaluation methods since conventional approaches, such as t-test and F-

test are problematic in association with mixed-effect models. Ultimately, we have used 

predictions in order to examine the relationship. The results from the more conventional 

methods and the parametric bootstrap were inconclusive. On the other hand, the results 

from the predictions was very convincing and we were not able to find a significant 

relationship between teat wash failure and milk yield. We have also compared the 

prediction errors between three different model specifications and our results from this 

comparison was that the so called primary model (Trinderup, 2009) had the highest 

predictive performance. A very interesting result was that the simpler OLS-model was 

overall better at predicting than both the primary- and alternative model.  

Our estimation and evaluation of the different models resulted in a convincing argument 

that the primary model was better at forecasting. The alternative model is however based 

on the model which was created by Wilmink and could be referred to as the classic model 

for this type of data. So why was there such a large difference between the alternative- 

and the primary model. We see two main reasons to why this difference is present, apart 

from the argument that Trinderup’s model could just be better specified.  The first possible 

reason is that Wilmink’s model is older than Trinderups and consequently it could 

perhaps not be as optimal to use with our estimations technique e.g. linear mixed-effect 

models. Wilkmink’s model was developed at a time when mixed-effects was very new and 

the statistical software probably was not nearly as advanced as it is today. The second 

reason the difference in forecasting results could come from the fact that the alternative 

model is a bigger simplification of the original model by Wilkmink, than in comparison to 

what the primary model is to Trinderups. We have made relatively many simplifications 

and modification on the model presented by Wilmink, in order to end up with the 

alternative model. Perhaps these modifications result in a much worse model than the 

original.  

Perhaps the most controversial finding of this paper it that the basic OLS-model 

outperformed the more complex linear mixed-effect models in their predictive capabilities. 

We do not however want to conclude that the OLS-model should be preferred over mixed-

effect models since we know by the nature of the data that the OLS-model do not fulfil all 

of the assumptions. We know that the observations are not completely independent from 
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each other, since there are observations taken from the same subject over time. The non-

independence of the data could have many consequences when estimating the model. It 

could for example be problematic for inference of the model, as the non-independence 

could induce a bias for the standard error of the test statistic and therefore the p-value 

(Laursen et al, 2012). These problems are nevertheless only associated with the use of p-

values and the OLS-model could still be very useful. However, instead of stating that 

regular OLS-model is better for this data and should be preferred in future analysis, we 

want to limit our conclusion to that the OLS-model was better at forecasting, at least for 

our data. In summary, the fact that the OLS-model was better than the linear mixed effect 

models should not be overlooked. We think that further comparison with OLS- and mixed 

effect models for this type of data should be performed in order to investigate if the results 

in this paper was just a deviation or perhaps the general rule.  

So why was there not a significant relationship between omitted teat wash and milk yield? 

Washing the cow’s teats before starting the milking procedure is all according to standard 

procedure. Because it is implemented in the standards, should not there also be a proven 

effect on the milking results if one deviated from these standards. Perhaps it is not the 

milk yield that is affected by omitted teat wash but rather the milking time, milk flow or 

milk quality? As mentioned earlier, washing the teats also results in physical stimulation 

of the cows and its teats. Physical stimulation is often regarded as a very important factor 

to the milking results.  This gives more reason to suspect a decrease in milk yield when 

the milking system misses a wash. However, as this is not the case in our study perhaps 

the omitted stimulation has a larger effect on e.g. milking flow instead of milk yield. 

Another reason for not finding a significant relationship is that the milking system 

provide enough stimulation, such as sound and visual stimulation, even when the system 

misses a wash. The analysis and estimations done in this paper could quite easily be 

extended to examine milk flow and milking time as well. Also the relationship between 

omitted teat wash and milk quality is a topic for further research.  
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Appendix 

 
Figure  7. Histogram over residuals for each teat from primary model. 

 

 
Figure 8. Histogram over residuals from alternative model. 
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Figure 9. t-distributed QQ-plots over residuals from primary model. 

 

Figure 10. Normal QQ-plots over residuals from alternative model. 
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Figure 11. Normal QQ-plots over estimated random effects from alternative model. 
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Figure 12. Plot over Residual Pearson vs. Fitted values from primary model and each teat. 
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Figure 13. Plot over Residual Pearson vs. Fitted values from alternative model and each teat. 

 

Estimation of primary model 
 Estimate Std. Error DF t value p-value 

(Intercept) -12.766 1.0641761 48790 -11.996 0.000 

Datum 0.001 0.000 48790 15.866 0.000 

MilkingAmTRUE 0.869041 0.0323465 48790 26.867 0.000 

DIM   -0.003651 0.0004150 48790 -8.798 0.000 

DIM2 -0.000022 0.000002 48790 -10.671 0.000 

DIM3 0.0000001 0.0000001 48790 8.684 0.000 

DIMdel -5.595 0.2069088 48790 -27.040 0.000 

dummyVF 0.042381 0.0206808 48790 2.049 0.040 

MilkingAmTRUE:DIM 0.003541 0.005 48790 6.974 0.000 

MilkingAmTRUE:DIM2 -0.000027 0.0000024 48790 -10.929 0.000 

MilkingAmTRUE:DIM3      0.0000001 0.0000001 48790 11.420 0.000 

MilkingAmTRUE:expDIM -1.386 0.311 48790 -4.454 0.000 
Table 12. Estimated fixed effects for primary model. Left forward teat 

  



 

30 
 

 Estimate Std. Error DF t value p-value 

(Intercept) -11.922 1.083 48790 -11.013 0.000 

Datum 0.001 0.0000649 48790 15.009 0.000 

MilkingAmTRUE 0.908 0.033 48790 27.692 0.000 

DIM   -0.005 0.00042 48790 -12.413 0.000 

DIM2 -0.000017 0.0000021 48790 -8.153 0.000 

DIM3 0.0000001 0.0000001 48790 6.925 0.000 

DIMdel -5.775 0.210 48790 -27.539 0.000 

dummyVF 0.077 0.014 48790 5.436 0.000 

MilkingAmTRUE:DIM 0.003 0.001 48790 6.800 0.000 

MilkingAmTRUE:DIM2 -0.000026 0.0000025 48790 -10.723 0.000 

MilkingAmTRUE:DIM3      0.0000001 0.0000001 48790 11.089 0.000 

MilkingAmTRUE:expDIM -1.811 0.315 48790 -5.741 0.000 
Table 13. Estimated fixed effects for primary model. Right forward teat 

 Estimate Std. Error DF t value p-value 

(Intercept) -13.697 1.461 48790 9.373   0.000 

Datum -0.001 0.000087 48790 -5.748   0.000 

MilkingAmTRUE 1.375 0.044 48790 30.953   0.000 

DIM   -0.004 0.001 48790 -6.200   0.000 

DIM2 -0.000029 0.0000028 48790 -10.202   0.000 

DIM3 0.0000001 0.0000001 48790 8.664   0.000 

DIMdel -8.552 0.284 48790 -30.099   0.000 

dummyVF -0.019 0.011 48790 -1.708   0.088 

MilkingAmTRUE:DIM 0.003 0.001 48790 4.447   0.000 

MilkingAmTRUE:DIM2 -0.000028 0.0000033 48790 -8.321   0.000 

MilkingAmTRUE:DIM3      0.0000001 0.0000001 48790 8.768   0.000 

MilkingAmTRUE:expDIM -3.435 0.427 48790 -8.038   0.000 
Table 14. Estimated fixed effects for primary model. Left rear teat 

 

 Estimate Std. Error DF t value p-value 

(Intercept) 3.686 1.433 48790 2.573 0.010 

Datum -0.001 0.000085 48790 1.221   0.222 

MilkingAmTRUE 1.297 0.043 48790 29.846   0.000 

DIM   -0.004 0.001 48790 -7.843   0.000 

DIM2 -0.000027 0.0000027 48790 -9.901   0.000 

DIM3 0.0000001 0.0000001 48790 8.471   0.000 

DIMdel -8.132 0.278 48790 -29.259   0.000 

dummyVF -0.006 0.009 48790 -0.661   0.509 

MilkingAmTRUE:DIM 0.004 0.001 48790 5.490   0.000 

MilkingAmTRUE:DIM2 -0.000029 0.0000033 48790 -8.853   0.000 

MilkingAmTRUE:DIM3      0.0000001 0.0000001 48790 8.960   0.000 

MilkingAmTRUE:expDIM -2.463 0.418 48790 -5.893   0.000 
Table 15. Estimated fixed effects for primary model. Right rear teat 
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Left front Right front 

AIC                BIC               Logic 

84845.82       84969.04      -42408.91 

AIC                BIC              Logic 

86157.45      86280.67       -43064.73 

Left rear Right rear 

AIC                 BIC                Logic 

115971.9          116095.1        -57971.95 

AIC                BIC               Logic 

113809.8          113933       -56890.88 
Table 16. Estimation output, primary model. 

 

Estimation of alternative model 
 Estimate Std. Error t value 

(Intercept) -7.907 1.078 -7.34 

Datum 6.975e-04 6.474e-05 10.77 

MilkingAmTRUE 0.971 0.016 59.89 

DIM   -0.002 1.689e-04   -15.96 

DIM2 -1.259e-05   4.391e-07   -28.67 

expDIM   8.069e-12   8.067e-13     10.00 

dummyVF 0.025 0.021 1.19 

MilkingAmTRUE:DIM -0.001 1.762e-04    -3.02 

MilkingAmTRUE:DIM2 -1.674e-06   4.432e-07    -3.78 

MilkingAmTRUE:expDIM 1.691e-12   6.941e-13     2.44 
Table 17. Estimated fixed effects for left forward teat, alternative model.  

 

 Estimate Std. Error t value 

(Intercept) -7.320 1.097 -6.67 

Datum 6.731e-04   6.591e-05    10.21 

MilkingAmTRUE 0.981 0.016 59.60 

DIM   -0.004 1.712e-04   -21.64 

DIM2 -1.077e-05   4.453e-07   -24.20 

expDIM   6.019e-12   8.179e-13     7.36 

dummyVF 0.082 0.015 5.63 

MilkingAmTRUE:DIM -2.714e-04   1.787e-04    -1.52 

MilkingAmTRUE:DIM2 -2.411e-06   4.495e-07    -5.36 

MilkingAmTRUE:expDIM 2.341e-12   7.040e-13     3.33 
Table 18. Estimated fixed effects for right forward teat, alternative model. 

 

 Estimate Std. Error t value 

(Intercept) 20.420 1.490 13.71 

Datum -0.001 1.490e+00    -10.54 

MilkingAmTRUE 1.376 0.022 61.36 

DIM   -0.002 2.334e-04    -7.60 

DIM2 -1.672e-05   6.068e-07   -27.55 

expDIM   9.317e-12   1.114e-12      8.36 

dummyVF -0.017 0.012 -1.46 

MilkingAmTRUE:DIM -3.747e-04   2.436e-04    -1.54 

MilkingAmTRUE:DIM2 -3.088e-06   6.126e-07    -5.04 

MilkingAmTRUE:expDIM 2.670e-12   9.594e-13     2.78 
Table 19. Estimated fixed effects for left rear teat, alternative model. 
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 Estimate Std. Error t value 

(Intercept) 9.967 1.455 6.85 

Datum -3.060e-04   04  8.742e-05    -3.50 

MilkingAmTRUE 1.351 0.022 61.82 

DIM   -0.003 2.275e-04   -12.12 

DIM2 -1.567e-05   5.913e-07   -26.50 

expDIM   9.056e-12   1.086e-12     8.34 

dummyVF -0.001 0.009 -0.16 

MilkingAmTRUE:DIM -9.443e-05   2.374e-04    -0.40 

MilkingAmTRUE:DIM2 -3.611e-06   5.969e-07    -6.05 

MilkingAmTRUE:expDIM 3.238e-12   9.349e-13     3.46 
Table 20. Estimated fixed effects for right rear teat, alternative model. 

 

Left front Right front 

AIC                BIC               Logic 

87653.8       8.7759.4      -43814.9 

AIC                BIC              Logic 

89030.7      89136.3       -434503.3 

Left rear Right rear 

AIC                 BIC                Logic 

119419.2      119524.8      -59697.6 

AIC                BIC               Logic 

116874.5       116980.1      -58425.3 
Table 21. Estimation output, alternative model. 

 

Left front -0.01631355       0.067 

Right ront  0.05322671         0.1100599      

Left rear -0.040                  0.00585428 

Right rear -0.0197643          0.01683625 
Table 22. Confidence interval for parameters in alternative model. 
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Parametric bootstrap 
 

Left forward Right forward 

            Stat df      p.value 

   LRT    1.4239    0.2328 

PBtest   1.4239    0.2468 

            Stat df      p.value 

         LRT    31.700      0.00000*** 

    PBtest      31.700      0.00999*** 

Left rear Right rear 

            Stat df      p.value 

   LRT    2.135    0.1440 

PBtest   2.135    0.1608 

            Stat df      p.value 

   LRT    0.0246    0.8754 

PBtest   0.0246    0.8754 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Table 23. Results from parametric bootstrap-alternative model, 1000 simulations. 

 

 

Prediction error - MSE / RMSE 
 

 Left front Right front Left rear Right rear 

Unrestricted 1.245177 1.231915 1.528442 1.556964 

Restricted 1.244481 1.232342 1.527966 1.555905 

Difference 0.0006957864 -0.0004264194 0.0004767481 0.001058602 
Table 24. RMSE for OLS-model 

 

 

 Left front Right front Left rear Right rear 

Unrestricted 1.550466 1.517615 2.336136 2.424136 

Restricted 1.548734 1.518666 2.334679 2.42084 

Difference 0.001732271 -0.001050807 0.001457137 0.003295281 
Table 25. MSE for OLS-model  
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Bootstrap primary  
 
# LF 
Parametric bootstrap test; time: 640.50 sec; samples: 1000 extremes: 0; 
large : VF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + dummyVF + (1 | Djurnr) 
small : HF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + (1 | Djurnr) 
         stat df   p.value     
LRT    1341.2  1 < 2.2e-16 *** 
PBtest 1341.2     0.000999 *** 

 

# RF 

Parametric bootstrap test; time: 663.35 sec; samples: 1000 extremes: 0; 
large : HF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + dummyHF + (1 | Djurnr) 
small : HF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + (1 | Djurnr) 
         stat df   p.value     
LRT    29.548  1 5.454e-08 *** 
PBtest 29.548     0.000999 *** 
 
# LR 
 
Parametric bootstrap test; time: 655.00 sec; samples: 1000 extremes: 93; 
large : VB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + dummyVB + (1 | Djurnr) 
small : VB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + (1 | Djurnr) 
        stat df p.value   
LRT    2.918  1 0.08760 . 
PBtest 2.918    0.09391 . 
 
# RR 
 
Parametric bootstrap test; time: 660.00 sec; samples: 1000 extremes: 501; 
large : HB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + dummyHB + (1 | Djurnr) 
small : HB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + (MilkingAm 
*  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * DIM3) + (MilkingAm *  
    DIMdel) + (1 | Djurnr) 
         stat df p.value 
LRT    0.4372  1  0.5085 
PBtest 0.4372     0.5015 
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Bootstrap alternative 
# LF 
Parametric bootstrap test; time: 1211.12 sec; samples: 1000 extremes: 246; 
large : VF.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + dummyVF +  
    (1 | Djurnr) 
small : VF.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + (1 | Djurnr) 
           stat     df    ddf p.value 
PBtest   1.4239                0.2468 
Gamma    1.4239                0.2424 
Bartlett 1.3687 1.0000         0.2420 
F        1.4239 1.0000 51.596  0.2382 
LRT      1.4239 1.0000         0.2328 
 

# RF 
Parametric bootstrap test; time: 1249.86 sec; samples: 1000 extremes: 0; 
large : HF.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + dummyHF +  
    (1 | Djurnr) 
small : HF.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + (1 | Djurnr) 
           stat     df    ddf   p.value     
PBtest   31.700                0.000999 *** 
Gamma    31.700               6.522e-08 *** 
Bartlett 30.932  1.000        2.672e-08 *** 
F        31.700  1.000 82.626 2.409e-07 *** 
LRT      31.700  1.000        1.800e-08 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

# LR 
Parametric bootstrap test; time: 1205.44 sec; samples: 1000 extremes: 160; 
large : VB.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + dummyVB +  
    (1 | Djurnr) 
small : VB.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + (1 | Djurnr) 
          stat    df    ddf p.value 
PBtest   2.135               0.1608 
Gamma    2.135               0.1560 
Bartlett 2.028 1.000         0.1544 
F        2.135 1.000 39.894  0.1518 
LRT      2.135 1.000         0.1440 
 

# RR 
Parametric bootstrap test; time: 1139.86 sec; samples: 1000 extremes: 875; 
large : HB.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + dummyHB +  
    (1 | Djurnr) 
small : HB.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM + (MilkingAm *  
    DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) + (1 | Djurnr) 
           stat       df    ddf p.value 
PBtest   0.0246                  0.8751 
Gamma    0.0246                  0.8867 
Bartlett 0.0229 1.000000         0.8798 
F        0.0246 1.000000 28.622  0.8765 
LRT      0.0246 1.000000         0.8754 
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Estimation of OLS-model 
# LF 
 
Call: 
lm(formula = VF.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM +  
    (MilkingAm * DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) +  
    dummyVF, data = total, REML = FALSE) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-4.1332 -0.7345 -0.0763  0.6311  6.4147  
 
Coefficients: 
                       Estimate Std. Error t value Pr(>|t|)     
(Intercept)           1.578e+01  1.573e+00  10.035  < 2e-16 *** 
Datum                -7.430e-04  9.458e-05  -7.856 4.06e-15 *** 
MilkingAmTRUE         9.593e-01  3.047e-02  31.482  < 2e-16 *** 
DIM                  -2.755e-03  2.357e-04 -11.687  < 2e-16 *** 
DIM2                 -4.350e-06  5.944e-07  -7.318 2.55e-13 *** 
expDIM                4.184e-12  9.263e-13   4.517 6.29e-06 *** 
dummyVF               8.580e-02  3.917e-02   2.191   0.0285 *   
MilkingAmTRUE:DIM    -4.635e-04  3.313e-04  -1.399   0.1618     
MilkingAmTRUE:DIM2   -1.899e-06  8.337e-07  -2.278   0.0227 *   
MilkingAmTRUE:expDIM  1.825e-12  1.307e-12   1.397   0.1626     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 1.093 on 49083 degrees of freedom 
Multiple R-squared:  0.2622, Adjusted R-squared:  0.262  
F-statistic:  1938 on 9 and 49083 DF,  p-value: < 2.2e-16 
 

# RF 
 
Call: 
lm(formula = HF.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM +  
    (MilkingAm * DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) +  
    dummyHF, data = total, REML = FALSE) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-4.1641 -0.7070 -0.0808  0.6347  6.3006  
 
Coefficients: 
                       Estimate Std. Error t value Pr(>|t|)     
(Intercept)           1.460e+01  1.553e+00   9.402  < 2e-16 *** 
Datum                -6.654e-04  9.338e-05  -7.126 1.05e-12 *** 
MilkingAmTRUE         9.525e-01  2.991e-02  31.845  < 2e-16 *** 
DIM                  -2.231e-03  2.313e-04  -9.646  < 2e-16 *** 
DIM2                 -6.824e-06  5.833e-07 -11.699  < 2e-16 *** 
expDIM                7.203e-12  9.091e-13   7.923 2.37e-15 *** 
dummyHF               8.156e-02  2.596e-02   3.142  0.00168 **  
MilkingAmTRUE:DIM    -1.593e-04  3.252e-04  -0.490  0.62424     
MilkingAmTRUE:DIM2   -2.568e-06  8.183e-07  -3.138  0.00170 **  
MilkingAmTRUE:expDIM  2.240e-12  1.283e-12   1.746  0.08082 .   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 1.073 on 49083 degrees of freedom 
Multiple R-squared:  0.2941, Adjusted R-squared:  0.2939  
F-statistic:  2272 on 9 and 49083 DF,  p-value: < 2.2e-16 

 

  



 

37 
 

# LR 
 
Call: 
lm(formula = VB.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM +  
    (MilkingAm * DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) +  
    dummyVB, data = total, REML = FALSE) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-5.7249 -0.8988 -0.0668  0.8985  9.0474  
 
Coefficients: 
                       Estimate Std. Error t value Pr(>|t|)     
(Intercept)           4.623e+01  2.099e+00  22.023  < 2e-16 *** 
Datum                -2.498e-03  1.262e-04 -19.791  < 2e-16 *** 
MilkingAmTRUE         1.323e+00  4.065e-02  32.542  < 2e-16 *** 
DIM                  -2.526e-03  3.144e-04  -8.034 9.64e-16 *** 
DIM2                 -8.026e-06  7.930e-07 -10.121  < 2e-16 *** 
expDIM                9.402e-12  1.236e-12   7.607 2.86e-14 *** 
dummyVB               2.461e-02  2.056e-02   1.197 0.231168     
MilkingAmTRUE:DIM    -1.033e-05  4.420e-04  -0.023 0.981347     
MilkingAmTRUE:DIM2   -3.821e-06  1.112e-06  -3.436 0.000591 *** 
MilkingAmTRUE:expDIM  2.843e-12  1.744e-12   1.630 0.103080     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 1.458 on 49083 degrees of freedom 
Multiple R-squared:  0.2696, Adjusted R-squared:  0.2695  
F-statistic:  2013 on 9 and 49083 DF,  p-value: < 2.2e-16 

 

# RR 
 
Call: 
lm(formula = HB.4 ~ Datum + MilkingAm + DIM + DIM2 + expDIM +  
    (MilkingAm * DIM) + (MilkingAm * DIM2) + (MilkingAm * expDIM) +  
    dummyHB, data = total, REML = FALSE) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-5.6499 -0.9265 -0.0934  0.9020  9.2077  
 
Coefficients: 
                       Estimate Std. Error t value Pr(>|t|)     
(Intercept)           2.717e+01  1.970e+00  13.792  < 2e-16 *** 
Datum                -1.353e-03  1.184e-04 -11.424  < 2e-16 *** 
MilkingAmTRUE         1.321e+00  3.800e-02  34.764  < 2e-16 *** 
DIM                  -1.608e-03  2.939e-04  -5.472 4.48e-08 *** 
DIM2                 -1.098e-05  7.414e-07 -14.803  < 2e-16 *** 
expDIM                9.729e-12  1.156e-12   8.418  < 2e-16 *** 
dummyHB               5.266e-02  1.553e-02   3.390 0.000699 *** 
MilkingAmTRUE:DIM     1.215e-04  4.132e-04   0.294 0.768762     
MilkingAmTRUE:DIM2   -4.093e-06  1.040e-06  -3.937 8.25e-05 *** 
MilkingAmTRUE:expDIM  3.354e-12  1.630e-12   2.058 0.039617 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 1.363 on 49083 degrees of freedom 
Multiple R-squared:  0.3026, Adjusted R-squared:  0.3025  
F-statistic:  2366 on 9 and 49083 DF,  p-value: < 2.2e-16 
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R-code 
# Data manipulation  

# Importing two different datasets, one with variables for the milking process and 

the other one with background variables 

ARM04 <- read.csv("AllaMjAMR201504.csv", skip=1, sep=";",dec=",",stringsAsFactors = 

FALSE, na.strings=c("","NA") )  

lakt <- read.csv("All_laktations.csv", sep=",", stringsAsFactors = FALSE)  

 

# Converting factors to date (Hours:minutes included to differentiate between 

different events on the same day)   

ARM04$StarttidTime <- as.POSIXct(as.character(ARM04$Starttid), format="%Y-%m-%d 

%H:%M") 

lakt$Calving.Date <- as.Date.character(lakt$Calving.Date) 

ARM04$Datum <- as.Date.character(ARM04$Starttid) 

 

# Merging the datasets by Aninmal ID  

merged.data <- merge(ARM04, lakt, by.x = "Djurnr", by.y = "Animal.Id", all.x=TRUE) 

 

# Fixing problem with several row for the same milking event depending on the 

number of calves for the specific cow 

 

merged.data <- subset(merged.data, Datum > Calving.Date)  

 

# Functiion for keeping the maxiumum value 

 

library("plyr") 

 

merged.data <- ddply(merged.data, .(Djurnr, StarttidTime), 

function(d)d[which.max(d$Calving.Date),]) 

 

 

# Create a new variable (Days in milk)  

merged.data$DIM <- as.numeric(merged.data$Datum - merged.data$Calving.Date) 

# Skapar sedan funktioner av denna  

merged.data$DIM2 <- (merged.data$DIM)^2 

merged.data$DIM3 <- (merged.data$DIM)^3 

merged.data$"1/DIM" <- 1/(merged.data$DIM)  

 

# Next step is to import the error messages 
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# Importing the file for the error messages 

larm04 <- read.csv("AllalarmAMR201504.csv", sep=";", stringsAsFactors = FALSE) 

 

# Selecting only the errors associated with teat wash failure 

larm04 <- subset(larm04, Primärkod == 361 & Sekundärkod == 173) 

 

# Creating dummy for milking AM or PM,(AM=TRUE, PM=FALSE) 

merged.data$Hour <- format(merged.data$StarttidTime, "%H") 

merged.data$Hour <- as.numeric(merged.data$Hour) 

merged.data$MilkingAm <- merged.data$Hour < 12  

 

# Creating new variable "djurnr" from charachter column  

out <- strsplit(as.character(larm04$Larmmeddelande), ',') 

out <- data.frame(do.call(rbind,out)) 

out <- strsplit(as.character(out$X1), ' ')  

out <- data.frame(do.call(rbind, out))  

larm04$Djurnr <- out$X2 

 

larm04$Datum <- as.Date.character(larm04$Datum.tid) 

larm04$Datum.tid <- as.POSIXct(as.character(larm04$Datum.tid), format="%Y-%m-%d 

%H:%M") 

larm04$Hour <- format(larm04$Datum.tid, "%H") 

larm04$Hour <- as.numeric(larm04$Hour) 

larm04$MilkingAm <- larm04$Hour < 12  

 

#Merging into final dataset 

dok04 <- merge(merged.data, larm04, by=c("Djurnr", "MilkingAm", "Datum"), 

all.x=TRUE)  

# Creating the columns for the dummy teatwash 

dok04$dummyVF <- 0  

dok04$dummyHF <- 0 

dok04$dummyVB <- 0  

dok04$dummyHB <- 0  

 

# Creating dummys , =1 if error 

vilka<-grep("vänster fram",dok04$Larmmeddelande) 

dok04$dummyVF[vilka]<-1 
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vilka<-grep("höger fram",dok04$Larmmeddelande) 

dok04$dummyHF[vilka]<-1 

vilka<-grep("vänster bak",dok04$Larmmeddelande) 

dok04$dummyVB[vilka]<-1 

vilka<-grep("höger bak",dok04$Larmmeddelande) 

dok04$dummyHB[vilka]<-1 

 dok04 <- subset(dok04,  

  !(is.na(VF.4) | 

    is.na(HF.4) | 

    is.na(VB.4) | 

is.na(HB.4) ) 

) 

# Repeat for the different months  

--------------------------------------------------------------- 

# Same name in all datasets 

names = colnames(dok04) 

colnames(dok05) = names 

names = colnames(dok04) 

colnames(dok06) = names 

names = colnames(dok04) 

colnames(dok07) = names 

names = colnames(dok04) 

colnames(dok08) = names 

names = colnames(dok04) 

colnames(dok09) = names 

#Combing the different months into one 

total <- rbind(dok04,dok05,dok06,dok07,dok08,dok09) 

# Excluding all observations where something (except for teatwash) went bad 

total <- total[is.na(total$Avspark),] 

total <- total[is.na(total$Ofullständig),] 

total <- total[is.na(total$Spenar.hittas.ej),] 

# Several errors for the same milking event are possible  

detach(package:plyr) 

library(dplyr) 

total <- total %>% arrange(Djurnr, Datum, MilkingAm)  

 

i<-2 



 

41 
 

while(i<=dim(total)[1]) 

    { 

    

   if(total$Djurnr[i]== total$Djurnr[i-1] & total$Datum[i]== total$Datum[i-1] & 

total$MilkingAm[i]== total$MilkingAm[i-1]) { total$dummyVF[i-1]<-

max(total$dummyVF[i],total$dummyVF[i-1]); total$dummyHF[i-1]<-

max(total$dummyHF[i],total$dummyHF[i-1]); total$dummyVB[i-1]<-

max(total$dummyVB[i],total$dummyVB[i-1]); total$dummyHB[i-1]<-

max(total$dummyHB[i],total$dummyHB[i-1]); total<-total[-i,] } else { i<-i+1} 

    

 } 

 

total$Djurnr <- as.factor(total$Djurnr)  

 

------------------------------------------------------------------------ 

 

# Estimating the linear mixed-effect models using maxiumum likelihood (both 

unrestricted and restricted)  

lmerVF <- lmer(VF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  

(MilkingAm*DIM3) + (MilkingAm*DIMdel) + dummyVF + (1|Djurnr), data = total, REML = 

FALSE)  

 

lmerVFmin <- lmer(VF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  

(MilkingAm*DIM3) + (MilkingAm*DIMdel) + (1|Djurnr), data = total, REML = FALSE)  

 

lmerHF <- lmer(HF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  

(MilkingAm*DIM3) + (MilkingAm*DIMdel) + dummyHF + (1|Djurnr), data = total, REML = 

FALSE) 

 

lmerHFmin <- lmer(HF.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  

(MilkingAm*DIM3) + (MilkingAm*DIMdel) + (1|Djurnr), data = total, REML = FALSE) 

 

lmerVB <- lmer(VB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  

(MilkingAm*DIM3) + (MilkingAm*DIMdel) + dummyVB + (1|Djurnr), data = total, REML = 

FALSE) 

 

lmerVBmin <- lmer(VB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  
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(MilkingAm*DIM3) + (MilkingAm*DIMdel) + (1|Djurnr), data = total, REML = FALSE) 

 

lmerHB <- lmer(HB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  

(MilkingAm*DIM3) + (MilkingAm*DIMdel) + dummyHB + (1|Djurnr), data = total, REML = 

FALSE) 

 

lmerHBmin <- lmer(HB.4 ~ Datum + MilkingAm + DIM + DIM2 + DIM3 + DIMdel + 

(MilkingAm*DIM) + (MilkingAm*DIM2) +  

(MilkingAm*DIM3) + (MilkingAm*DIMdel) + (1|Djurnr), data = total, REML = FALSE) 

 

# Parametric bootstrap in order to evaluate parameter for teatwash  

library(pbkrtest) 

 

testVFPB5000 <- PBmodcomp(lmerVF, lmerHFmin, nsim=1000) 

testHFPB5000 <- PBmodcomp(lmerHF, lmerHFmin, nsim=1000) 

testVBPB5000 <- PBmodcomp(lmerVB, lmerVBmin, nsim=1000) 

testHBPB5000 <- PBmodcomp(lmerHB, lmerHBmin, nsim=1000) 

 

------------------------------------------------------------ 

# Forecasting using October and November's data 

spådom <- rbind(dok10,dok11) 

spådom <- spådom[is.na(spådom$Avspark),] 

spådom <- spådom[is.na(spådom$Ofullständig),] 

spådom <- spådom[is.na(spådom$Spenar.hittas.ej),] 

detach(package:plyr) 

library(dplyr) 

spådom <- spådom %>% arrange(Djurnr, Datum, MilkingAm)  

 

i<-2 

while(i<=dim(spådom)[1]) 

    { 

    

   if(spådom$Djurnr[i]== spådom$Djurnr[i-1] & spådom$Datum[i]== spådom$Datum[i-1] & 

spådom$MilkingAm[i]== spådom$MilkingAm[i-1]) { spådom$dummyVF[i-1]<-

max(spådom$dummyVF[i],spådom$dummyVF[i-1]); spådom$dummyHF[i-1]<-

max(spådom$dummyHF[i],spådom$dummyHF[i-1]); spådom$dummyVB[i-1]<-

max(spådom$dummyVB[i],spådom$dummyVB[i-1]); spådom$dummyHB[i-1]<-

max(spådom$dummyHB[i],spådom$dummyHB[i-1]); spådom<-spådom[-i,] } else { i<-i+1} 
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 } 

spådom$Djurnr <- as.factor(spådom$Djurnr)  

# Creating the predicitions (unrestricted)  

plmerVF<- as.data.frame(predict(lmerVF,newdata=spådom,allow.new.levels=TRUE)) 

plmerHF<- as.data.frame(predict(lmerHF,newdata=spådom,allow.new.levels=TRUE)) 

plmerVB<- as.data.frame(predict(lmerVB,newdata=spådom,allow.new.levels=TRUE)) 

plmerHB<- as.data.frame(predict(lmerHB,newdata=spådom,allow.new.levels=TRUE)) 

#Predictions cont. (restricted)  

plmerVFmin<- as.data.frame(predict(lmerVFmin,newdata=spådom,allow.new.levels=TRUE)) 

plmerHFmin<- as.data.frame(predict(lmerHFmin,newdata=spådom,allow.new.levels=TRUE)) 

plmerVBmin<- as.data.frame(predict(lmerVBmin,newdata=spådom,allow.new.levels=TRUE)) 

plmerHBmin<- as.data.frame(predict(lmerHBmin,newdata=spådom,allow.new.levels=TRUE)) 

#Calculating RMSE for the different combinations 

sqrt( mean( (plmerVF-spådom$VF.4)^2)) 

sqrt( mean( (plmerVFmin-spådom$VF.4)^2)) 

sqrt( mean( (plmerHF-spådom$VF.4)^2)) 

sqrt( mean( (plmerHFmin-spådom$VF.4)^2)) 

sqrt( mean( (plmerVB-spådom$VF.4)^2)) 

sqrt( mean( (plmerVBmin-spådom$VF.4)^2)) 

sqrt( mean( (plmerHB-spådom$VF.4)^2)) 

sqrt( mean( (plmerHBmin-spådom$VF.4)^2)) 

# Calculating MSE for the different combinations  

mean( (plmerVF-spådom$VF.4)^2) 

mean( (plmerVFmin-spådom$VF.4)^2) 

mean( (plmerHF-spådom$VF.4)^2) 

mean( (plmerHFmin-spådom$VF.4)^2) 

mean( (plmerVB-spådom$VF.4)^2) 

mean( (plmerVBmin-spådom$VF.4)^2) 

mean( (plmerHB-spådom$VF.4)^2) 

mean( (plmerHBmin-spådom$VF.4)^2) 

 

 

 


