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Abstract
Ruminants produce CH₄ in the rumen and large intestine as a result of anaerobic microbial
fermentation of feed components, which is emitted mostly through breathing and belching.
‘Sniffers’ can be used to record the CH₄ concentrations in the feed bin of milking robots.
The method is non-invasive and suitable for large scale evaluation. However, sniffers are
affected by sensor drift that affects the measurements overtime, which reduces the accuracy
and precision of the measurements. The objective of this study was to investigate options of
correcting for sensor drift, and to determine if there is any benefit of data standardisation on
genetic parameter estimations. This would further help in the formulation of new traits to be
used in breeding goals aimed at lowering CH₄ emission in dairy cows. The standardisation
methods that were applied were quantile normalisation, minimum and maximum
normalisation, and robust scaler using R software. ASReml software was used to estimate
the genetic parameters with a univariate animal model. The suitability of the data
standardisation methods was judged based on normality of data and other descriptive
statistics, convergence behaviour, parameter estimates and associated standard errors. The
results show a decrease in the parameter estimates (including residual, permanent
environmental and genetic variance, heritability, and repeatability). Nonetheless, after
standardisation the data was still heavily right skewed, and the quantile normalisation, minmax normalisation and robust scaler methods were not very effective in correcting for sensor
drift. Follow-up research is needed to investigate other methods of correcting for sensor drift.
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Introduction
The concentration of greenhouse gases in the atmosphere alters the energy balance of the
climate system. Methane (CH₄) is one of the gases which has a large effect in causing climate
change. Although CH₄ gas is 230 times less abundant than anthropogenic carbon dioxide
(CO₂), it has a 25% higher radiative force (Dlugokencky et al., 2003). According to Van der
Maas et al. (2009), activities of ruminants contribute approximately 49% of the CH₄

produced in the Netherlands. Ruminants produce CH₄ in the rumen (and to a lesser extent
the large intestine) as a result of anaerobic microbial fermentation of feed components,
which is emitted through breathing and belching (Cottle et al., 2011). CH4 released by
ruminants not only contribute to climate change, but also has a significant impact on the loss
of gross energy intake of animals (Difford et al., 2020). Genetic selection of animals with
low emission of CH₄ has the potential to serve as a long-term, cost effective and cumulative
method that will help in the reduction of enteric CH₄ emissions and, thereby, climate change

at large (Knapp et al., 2014).
There are a number of methods that can be used to measure CH₄ emissions, which include:
respiration chambers, sulphur dioxide tracers, ventilated hoods, the GreenFeed (GF) system,
and the ‘sniffer’ method. Different methods have their own scope of application with
different advantages, and disadvantages. The sniffer technique is non-invasive and suitable
for large scale evaluation. With the sniffer method, cows can be recorded in their normal
commercial environment, and the animals do not require special training, or handling
(Garnsworthy et al., 2019; Madsen et al., 2010). Different research groups have designed
various sniffer setups, which include multiple types of breath analysers which use one of
two types of infrared light absorption methods: non-dispersive infrared spectroscopy (NDIR)
or fourier-transform infrared spectroscopy (FTIR). The two methods differ in the usage of
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different wavelengths to measure CH₄ and CO₂ concentrations (Sypniewski et al., 2019).
With the sniffer method, the device which collects the air samples is installed near automated
milking systems (AMS) (Lassen & Løvendahl, 2013), or concentrate dispensers (Negussie
et al., 2017). The gases from the feed bin (located inside AMS) are collected with a sampling
tube which is connected to the sniffer device. The sniffers do not measure airflow, they only
record the CH₄ concentration (ppm) in the feed bin, and are thereby, not able to measure
total CH₄ emissions in g/cow/day.

A disadvantage of sniffers is that the measurement is sensitive to certain external factors
such as movement of the cow’s head, background barn gas, wind speed, and sampling point
position. Sensor drift is also a common problem that can affect measurement over time,
which can affect the accuracy and precision of the measurements (Huhtanen et al., 2015; Wu
et al., 2018). In the study by van Breukelen et al. (2022), the authors described CH4
emissions were expected to be normally distributed, but due to the drifting of sensor

calibration towards zero during the recording period, the records included minimum CH4
records close to zero ppm (rounded to zero) and the distribution was right skewed.
Performing log transformations did not solve the non-normality of the dataset.

The study included records of enteric CH4 emission taken from 17 commercial dairy farms
located throughout the Netherlands which included a total of 466,887 AMS visits from 2,406
cows recorded between March 2019 and September 2020 as described in van Breukelen et
al. (2022). The sniffer device was used to collect the data and the data comprised of mean
CH4 concentrations for each Automatic Milking System (AMS) visit. The average CH4
concentration of all farms was 591 ppm, ranging from 324 ppm to 1,024 ppm between farms.
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The objective of this study was to investigate other options of correcting for sensor drift, and
to determine if there is any benefit of data correction on genetic parameter estimations. This
would further help in the formulation of new traits to be used in breeding goals aimed at
lowering CH₄ emission in dairy cows. We investigated using different methods based on
week of measurement for the correction of sensor drift, which were: quantile normalisation,
minimum and maximum normalisation, and robust scaler. The main objective of using
normalisation method was to redistribute measurements so that the samples would be scaled

to similar distribution by removing unwanted variations caused due to the sensor drift. R
software (R Core Team, 2013) was used for data processing and statistical analysis, and
ASReml software (Gilmour et al., 2015) was used to estimate the genetic parameters
(including residual, permanent environmental and genetic variances) and the associated
standard errors with a univariate repeatability animal model. The suitability of the method
of correction was judged based on normality of data and other descriptive statistics,
convergence behaviour, parameter estimates and the associated standard errors.
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Materials and Methods
The data included records of enteric CH₄ emission taken from 17 commercial dairy farms
located throughout the Netherlands as described in van Breukelen et al. (2022). The data
was collected using sniffer devices (WD-WUR version 1.0, Carltech BV). The sniffers were
connected to sampling tubes which collected air samples from the feed bin of AMSs. A total
of 466,887 AMS visits from 2,406 cows were recorded between March 2019 and September
2020. The data comprised of mean CH₄ concentrations for each AMS visit. The average CH₄
concentration of all farms was 591 ppm, ranging from 342 ppm to 1,024 ppm between farms.
R software (R Core Team, 2013), was used for data processing and statistical analysis such
as filtering, grouping, sorting, standardisation, and visualisation of the data (before and after
standardisation). Before standardisation, scatterplots and histograms were plotted to
visualise the sensor drift of sniffers and were used for the comparisons after the
normalisation of data. The data was grouped by farms to study the sensor drift of each farm

and by week number within each farm. Then, it was filtered to only include animals with a
minimum of seven robot visits per week and the cows with less than seven robot visits per
week were discarded. Thereafter, the mean CH₄ emissions per visit were averaged to means
per week. The final data consisted of 30,082 records of mean CH₄ concentration per week
from 2,203 cows.
Normalisation of data

For the correction of sensor drift over time, which likely caused the non-normality of the
dataset, normalisation methods were used based on the week of measurement. Normalisation
of data helps to redistribute measurements so that the samples will have a similar distribution
by removing unwanted variation (technical or biological) (Zhao et al., 2020). The
redistribution of data also helps in better analysis because the data gets transformed to a
4

similar scale which allows for accurate comparison of samples (Gatto et al., 2010). Three
data normalisation methods were applied to the data within each farm, which are described
in the following paragraphs.
Quantile normalisation
Quantile normalisation is a normalisation method that was initially developed for gene
expression microarrays, later it was applied on data from numerous sources such as RNA

sequencing, DNA methylation, and brain imaging (Hicks & Irizarry, 2014). Quantile
normalisation transforms the data to remove noise and technical variations that are normally
difficult to remove during the sampling procedures (Zhao et al., 2020). There are four steps
in quantile normalisation method. Firstly, samples in each class are ranked based on
magnitude and then, sorted from low to high. Then, an average value is calculated for
samples having the same rank, and finally, the average value is used to substitute the values
occupying the particular rank (Difford et al., 2020).
When applying quantile normalisation to the CH₄ dataset, the cows were first ranked based
on the trait ‘Mean CH₄ per week’ and then, sorted from low to high mean CH₄ concentration
within each week. For cows having the same rank during the entire recording week, an
average value for mean CH₄ concentration was calculated. For example, after sorting, in
week fourteen, cow X had the highest mean CH4. Likewise in week fifteen cow Y, and in
week sixteen cow Z had the highest mean CH4 concentration per week. An average mean
CH4 is calculated for cow X, Y and Z. Lastly, the average values were used to substitute the
original measurements (Zhao et al., 2020).
In a subsequent set of analysis for quantile normalisation, the data was filtered to only
include animals with a minimum of five robot visits per week and the cows with less than
five robot visits per week were discarded (previous analysis used 7 visits). After filtering,
5

this data included 2,285 cows with 38,456 observations, which is 82 additional cows with
8,374 more observations compared to the previous analysis. Thereafter, the mean CH₄
emissions per visit were averaged to means per week. This analysis was done to see if the
inclusion of more cows and observations had any effect on quantile normalisation.
Min-max normalisation
Min-max normalisation is commonly known as (0-1) normalisation. Using this method, each

value of mean CH₄ was transformed to a range between zero and one within each week
(Patro & Sahu, 2015). The minimum value of the dataset was set to zero, its maximum value
to one and the remaining values were scaled to range between zero and one. One of the
limitations of min-max normalisation is that the method does not consider the outliers in an
effective way. The scaling is highly affected by the minimum and maximum values present
in the dataset, so if there are a lot of outliers, it will result in the bias scaling of the data. For
example, if there are nine observations with values between zero and four and one

observation with a value of ten, then the nine values will be scaled between 0 and 0.4. Thus,
the min-max scaling method can result in a concentrated distribution of inlier data (Loukas,
2020).
The formula for min-max normalisation was defined as:

𝑥′ =

𝑥 − min (𝑥)
max(𝑥) − min (𝑥)

Where x’ is the normalized value, x is the original value, max (x) is the maximum value, and
min(x) is the minimum value (Mancosu et al., 2021).
For the min-max normalisation method, firstly, minimum, and maximum mean CH₄
concentrations were calculated within each week of measurement. Each record was then
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transformed using the above formula. After min-max normalisation, the data consisted of
records from 2,203 cows with 30,082 observations.
Robust Scaler
Robust scaler is similar to the min-max normalisation but uses the median and interquartile
values. Using this method, the values are transformed by subtracting by the median and
thereafter dividing by the interquartile range between the first and third quartile (Brownlee,

2020). One of the advantages of the robust scaler method is that the method is resistant to
outliers. It uses the interquartile ranges for scaling the variables, so it does not include the
outliers in calculating the mean and standard deviation (Brownlee, 2020).
The formula for robust scaler was defined as:

𝑥 ′′ =

𝑥 − median(𝑥)
(𝑄3 − 𝑄1)

Where x’’ is the robust standardised value, x is the original value, median (x) is the sample
median, and Q3-Q1 is the interquartile range between the 25th quantile and 75th quantile
(Kalpana, 2022)
For the robust scaler method, firstly, the median and interquartile range between the 25th
quantile and 75th quantile of mean CH₄ concentrations were calculated within each week of
measurement. Each record was then transformed using the above formula. After applying
the robust scaler method, the data consisted of records from 2,203 cows with 30,082
observations.
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Genetic parameter estimation
For the genetic parameter estimations, each data set was further filtered to include the cows
that had pedigree information and to only include cows that are more than 75% Holstein
Friesian (HF). The final standardised data consisted of records from 1,558 cows from 14
farms with different numbers of records per standardisation (5,899 observations from
quantile normalisation, 2,917 observations from min-max normalisation and robust scaling).

ASReml software version 4.2 (Gilmour et al., 2015) was used to estimate the genetic
parameters with a univariate repeatability animal model. The following model was defined:
yijklm = µ + Farmj.Date_weeknumberk + DIMl + par4 +Paritym.ID
Where y is the phenotype for a CH4 trait; 𝜇 is the mean CH4 concentration per week;
Farm.Date_weeknumber is the fixed interaction between farm (j= 1 to 14) and
Date_weeknumber (k = 1 to 52); DIM is days in milk (l = 1 to 305); Par4 is the fixed effect

of parity (1, 2, 3, ≥ 4); Parity.ID is the random effect of the cows per parity (m = 1 to 15).
Genetic (VA), permanent environmental (VEP ), and residual variances (VR) for the mean CH4
emission per week were estimated. Phenotypic variance (VP) was calculated by adding
genetic (VA), permanent environmental (VEp), and residual variances (VR).
VP = VA + VEP + VR
The estimated variances were used to estimate the heritability (ℎ2 ) and repeatability (r),
including the standard error.
The heritability was estimated using the formula:
𝑉

ℎ2 = 𝑉𝐴
𝑃
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The repeatability was estimated using the formula:

𝑟=

𝑉𝐴 +𝑉𝐸𝑝
𝑉𝑃

Where 𝑉𝐴 is additive genetic variance, 𝑉𝑃 is the phenotypic variance, and 𝑉𝐸𝑝 is the
permanent environmental variance (Meaney & Taylor, 2018).

The suitability of the methods of normalisation were judged based on normality of data and
other descriptive statistics, convergence behaviour, parameter estimates (including residual,
permanent environmental and genetic variances) and associated standard errors.
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Results
Average methane emissions
Before standardisation, the mean and standard deviation of CH4 concentration averaged per
week ranged from 64 to 574 ppm and 60 to 241 ppm, respectively. After quantile
normalisation, the mean and standard deviation were scaled to a range of 116 to 747 ppm
and 38 to 214 ppm, respectively. After min-max normalisation, the average mean and
standard deviation were scaled to a range of 0.21 to 0.48 ppm and 0.22 to 0.29 ppm,
respectively. After robust scaling, the average mean and standard deviation were scaled to a
range of 0.01 to 0.94 ppm and 0.69 to 3.46 ppm, respectively.
Table 1. Descriptive statistics per farm for the number of cows, the total number of visits
recorded, the mean CH4 concentration (ppm) emissions (± standard deviation (SD)) before
standardisation (B), after quantile normalisation (QN), after min-max normalisation (MM)
and after robust scaler method (RS)
Farm
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

No. of
visits
3,151
1,494
1,204
1,368
2,062
1,224
2,942
410
184
2,804
1,066
4,348
1,343
748
2,155
985
2,594

No. of
Cows
200
80
75
108
161
120
193
101
67
95
137
288
169
57
107
158
99

B
129 ± 128
64 ± 77
123 ± 136
574 ± 241
98 ± 99
304 ± 123
508 ± 218
410 ± 238
502 ± 165
272 ± 156
393 ± 202
419 ± 177
343 ± 181
130 ± 104
134 ± 112
505 ± 152
221 ± 60

CH4 ± SD
QN
MM
214 ± 95
0.23 ± 0.23
116 ± 80
0.21 ± 0.24
186 ± 111
0.27 ± 0.27
747 ± 214
0.40 ± 0.25
158 ± 82
0.35 ± 0.25
382 ± 87
0.47 ± 0.25
617 ± 140
0.44 ± 0.23
466 ± 185
0.43 ± 0.24
571 ± 93
0.44 ± 0.29
346 ± 150
0.48 ± 0.23
538 ± 188
0.41 ± 0.25
475 ± 69
0.41 ± 0.23
431 ± 94
0.46 ± 0.24
151 ± 87
0.40 ± 0.26
169 ± 62
0.28 ± 0.24
558 ± 65
0.36 ± 0.22
243 ± 38
0.41 ± 0.23
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RS
0.40 ± 3.46
1.00 ± 7.70
0.94 ± 7.40
0.10 ± 0.87
0.25 ± 1.73
0.03 ± 0.78
0.06 ± 0.75
0.10 ± 0.75
0.57 ± 0.69
0.01 ± 0.79
0.09 ± 0.76
0.07 ± 0.79
0.06 ± 0.90
0.08 ± 0.68
0.19 ± 0.84
0.15 ± 0.80
0.07 ± 0.85

Histograms and scatterplots
Before standardisation, histograms and scatterplots were plotted to visually inspect the
sensor drift of sniffers placed on all 17 farms (Figure 1; Appendix 1-16: IA and IIA). Out of
17 farms, a total of six farms had histograms that were noticeably right skewed and showed
clear differences in the distribution of the frequency of measurements. For these farms, there
were a large number of records which approximated 0 ppm of mean CH4. For example, for
Farm_1, there were 3,151 mean CH4 concentration measurements recorded from 200 cows.
Out of 3,151 records, approximately 480 records had mean CH4 of 0 ppm (rounded to zero)
(Figure 1A). Furthermore, a scatterplot of the data showed that the average weekly
concentrations recorded over time were heterogenous. For example, for Farm_1, the highest
record of mean CH4 were recorded in week 34 and 50, 2019 and week 28, 2020. After which
there was gradual decrease in the mean CH4 over time (Figure 1B).

A

B

Figure 1. Graphs for the mean methane traits as an average per week before normalisation
for Farm_1: A. histogram, B. scatter plot.
By visual inspection of the graphs after applying the quantile normalisation method, we
observed that normalisation resulted in a more even distribution of mean CH4 between weeks
and resulted in an almost homogenous distribution throughout the recording period (Figure
2B; Appendix 1-16 IIB).
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In a subsequent analysis for quantile normalisation, the data was further filtered to only
include animals with a minimum of five records per week (instead of seven). However, this
analysis resulted in similar outputs (Appendix 17) as mentioned above for animals with a
minimum of seven records per week. Therefore, we decided to discard this filtering step for
further analysis.
Similarly, the min-max normalisation and robust scaler method helped in scaling and
redistribution of data which resulted in almost homogenous distribution between weeks
(Figure 2C and 2D, respectively) as compared to before standardisation (Figure 2A).
However, it was also observed that after min-max scaling, the inliers were still concentrated
and the mean would decrease over the weeks of measurement, when this was the case before
standardisation. For example, in Farm_1 after min-max normalisation of data, the mean of
average CH4 concentration on week 18, 19, 20 and 21, 2019 were 0.40, 0.32, 0.30 and 0.29
ppm, respectively. The decrease in mean of average CH4 concentration over the week of
measurement was observed. Furthermore, the histograms showing the distribution of the
frequency of different levels of measured mean CH4, remained right skewed (Figure 3C and
Figure 3D).
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A

B

D

C

Figure 2. Scatterplot for the mean methane traits as an average per week for Farm_1:
A. before normalisation, B. using quantile normalisation, C. using min-max
normalisation, D. using robust scaler.

A

B

C

D

Figure 3. Histograms for the mean methane traits as an average per week for Farm_1: A.
before normalisation, B. using quantile normalisation, C. using min-max normalisation
method, D. using robust scaler.
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Initially, before standardisation, some farms (11 out of 17 farms) had expected unimodal or
bell-shaped histograms with a single peak of mean CH4 in the distribution. For example, in
Farm_7, the highest frequency or count was between the range of 375 to 500 ppm. Out of
2,942 records, there were no records approximating 0 ppm mean CH4 concentration (Figure
4A). In opposite to what was aimed, application of min-max normalisation and robust scaler
method in these cases led to the transformation of data in such a way that the data became
right skewed or showed higher frequencies at the minimum and maximum (Figure 4C and

4D).

A

B

D

C

Figure 4. Histogram for the mean methane traits as an average per week for Farm_7: A.
before normalisation, B. using quantile normalisation, C. using min-max normalisation,
D. using robust scaler.
Genetic parameter estimation
Before applying standardisation methods, the estimated heritability and repeatability of
mean CH₄ were 0.34 ± 0.04 and 0.61 ± 0.02, respectively (Table 2).
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After applying each of the three-standardisation methods, which is quantile normalisation,
min-max normalisation, and robust scaler, the estimated heritability and repeatability of
mean CH₄ decreased. The estimated heritability and repeatability of mean CH₄ after minmax normalisation was 0.28 ± 0.04 and 0.53 ± 0.02, and after robust scaler were 0.25 ± 0.04
and 0.51 ± 0.02, respectively. After quantile normalisation, there was a large decrease in
estimated heritability and repeatability. It had the lowest heritability and repeatability of
0.004 ± 0.009 and 0.08 ± 0.01, respectively (Table 2).
Table 2. Heritability (h2), repeatability (r), genetic (VA) permanent environmental (VEp), and
residual (VR) variances (± Standard error) of mean methane emission per week calculated
before standardisation, after quantile normalisation, after min-max normalisation, and after
robust scaler method.
Estimate Before
standardisation
h2
0.34 ± 0.04
R
0.61 ± 0.02
VA
5556 ± 791.5
VEp
4365 ± 566.2
VR
6470 ± 251.4

After quantile
normalisation
0.004 ± 0.009
0.08 ± 0.01
54.71 ± 107.3
948.7 ± 194
11,390 ± 267.3
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After min-max
normalisation
0.28 ± 0.04
0.53 ± 0.02
0.014 ± 0.002
0.013 ± 0.0018
0.025 ± 0.0009

After robust
scaling
0.25 ± 0.04
0.51 ± 0.02
0.17 ± 0.03
0.18 ± 0.02
0.33 ± 0.01

Discussion
The aim of this study was to investigate different methods for the correction of sensor drift
that caused non-normality of the data distribution, and to determine if there is any benefit of
data correction on the genetic parameter estimates, including the heritability and
repeatability of mean CH4 concentrations. The data included records of enteric CH4 emission
collected using sniffer devices with a total of 466,887 AMS visits from 2,406 cows from 17
commercial dairy farms, recorded between March 2019 and September 2020. Three different
standardisation methods, quantile normalisation, min-max normalisation, and the robust
scaler method, were investigated. Furthermore, genetic parameters were estimated from the
data using a univariate animal model. The results after applying the three standardisation
methods showed a decrease in the heritability and repeatability. The three methods were not
efficient in solving the non-normality of the data. Thereby, we concluded that there is no
advantage of standardisation of the data using quantile normalisation, min-max
normalisation, or robust scaler.
The estimated heritability before standardisation of mean CH4 concentration was 0.34 ±
0.04. After the three-standardisation methods (quantile normalisation, min-max
normalisation, and robust scaler) were applied, the heritability estimated for mean CH₄
concentration decreased. The estimated heritability of mean CH₄ after min-max
normalisation was 0.28 ± 0.04, and after robust scaler was 0.25 ± 0.04. After quantile
normalisation, there was a large decrease in estimated heritability and the method resulted
in the lowest heritability of 0.004 ± 0. 009 (Table 2). Here we observed a significant increase
in the permanent environment variance and especially the residual variances. This indicates
that the quantile normalisation adds unwanted noise to the data.
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Estimates of the heritability for mean CH4 concentrations, that were measured using sniffer
devices, have been reported by earlier studies. Difford et al. (2020) reported the estimated
heritability of mean CH4 concentration per week for primiparous Holstein cows in Denmark
and in the Netherlands of 0.26 ± 0.11 and 0.15 ± 0.15, respectively. A study conducted in
Spain on Holstein cows by López-Paredes et al. (2020) reported an estimated heritability for
the mean CH4 concentration of 0.11 ± 0.03. The estimated heritability of non-standardised
data for weekly mean CH4 concentration in this study is higher than what has been observed

in the literature. The reason for higher heritability could be due to the larger quantity of data
which captured more variation between cows (previous studies recorded on a small number
of farms, cows, and for a short period of time), and the filtering of data at the initial step to
only include animals with an average of minimum seven AMS visits per week. This would
result in more accurate estimates of the mean CH4 concentration per week.
Before standardisation of mean CH4 concentration, a high repeatability of 0.61 ± 0.02 was
estimated. After the three-standardisation methods (quantile normalisation, min-max
normalisation, and robust scaler) were applied, the repeatability estimated for mean CH₄
concentration decreased. The estimated repeatability of mean CH₄ after min-max
normalisation was 0.53 ± 0.02, and after robust scaler was 0.51 ± 0.02. After quantile
normalisation, there was a very large decrease in estimated repeatability and the method
resulted in the lowest estimated repeatability of 0.08 ± 0.01 (Table 2). Similarly, estimates
of repeatability for mean CH4 concentrations that were measured using sniffer devices, have

been reported by earlier studies. In the study by Bell et al. (2014) on 36 Holstein Friesian
cows in the UK, they reported an estimated repeatability of 0.75 for mean CH4 per AMS
visits. Difford et al. (2020) reported an estimated repeatability of 0.81 ± 0.01 and 0.47 ± 0.03
in Denmark and in the Netherlands, respectively. López-Paredes et al. (2020) reported an
estimated repeatability for Holstein cows in Spain of 0.59 ± 0.06. The estimated repeatability
17

of non-standardised data for weekly mean CH4 concentration in this study falls in the range
of estimated repeatability observed in the literature. Van Engelen et al. (2018) mentions that
high repeatability indicates high consistency and precision in the measurements recorded on
the particular animal and also consistent difference in the measurements among different
animals.
Initially, before standardisation, some farms (11 out of 17 farms) had expected unimodal or
bell-shaped histograms with a single peak of mean CH4 in the distribution, but application
of min-max normalisation and robust scaling led to the transformation of data in such a way
that resulted in some unexpected results. After min-max normalisation, the transformation
resulted in data having higher frequencies at the minimum and maximum. This could have
been caused because of the nature of min-max normalisation method. The method transforms
the maximum value of CH4 concentration to one, the minimum CH4 concentration to zero,
and the remaining values are scaled to range between one to zero, within each week. Another
reason could have been because of the drawback of min-max normalisation that was
highlighted earlier. The method does not consider the outliers in an effective way, if there
are extreme minimum and maximum values for CH4 concentration within each week, this
would result in extremely high range. The presence of high outlier on the upper bound would
result in higher frequencies at the minimum. Another unexpected result was in the case of
the robust scaler method. The data was transformed in a way that data became right skewed.
This could have been because of a high median value or high interquartile range of CH4

concentration recorded within each week. During robust scaling, the value would be scaled
towards zero if the dataset has high median and interquartile range of CH4 within each week,
resulting in higher frequency at the minimum.
In case of quantile normalisation method, a large decrease in heritability was observed. The
estimated heritability before standardisation was 0.34 ± 0.04 which was reduced to 0.004 ±
18

0.009. This could be because after quantile normalisation, there was significant increase in
the permanent environmental variance and especially the residual variance. Mulder et al.
(2008) has mentioned that the increase in the residual variance would result in drifting of
mean value away from the optimum value.
In the study by Uusitalo et al. (2021), near infrared (NIR) was used to analyse the
composition of raw milk. Although the study showed potential usage of NIR in analysing
milk composition, they reported low accuracy of the records due to the drift. To correct the
drift and improve accuracies, they collected 20 spectra samples and took the average value.
The data was then corrected using white and dark spectral standard data. However, the
estimates of protein content in milk still had inaccurate records. In the study by DiazOlivares et al. (2020), long wave infrared was used to predict milk composition. The authors
reported issues with sensor drift, which affected the accuracy of the measurements. In their
study, they investigated cow specific bias correction to improve their records. In this method,
a median value was calculated and validated for all the samples in the calibration for all the
animals, as a cow specific bias. The value was then subtracted from all the predicted milk
composition from the test set. The cow specific bias correction did result in small
improvement of the records, but the method did not remain constant over time because in
the real time recording, the calibration and test set did not include same animals. The study
also reported the increase of standard error of predicting fat composition in milk because of
the presence of three extreme values of fat test. Therefore, if we take in the complexity and

expense required to acquire the reference value of individual cows, the small improvement
of the records, and the method being sensitive to the extreme values during the recording
period, the use of cow specific bias correction is not feasible with the current CH4 data.
Although the three-methods quantile normalisation, min-max normalisation and robust
scaler that were investigated in this study helped in scaling and redistribution of data
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resulting in homogeneity, the histograms illustrating frequency of distribution of data after
min-max normalisation and robust scaling still remained right skewed. In some cases, the
data that initially had unimodal distribution were transformed to a right skewed distribution
or distribution with higher frequencies at the maximum and minimum. The three methods
also resulted in the reduction of parameter estimates such as heritability and repeatability.
Therefore, considering a very minute improvement in the data distribution and not
overlooking the decrease in the parameter estimates which were the main focus aimed to

consider the suitability of the data correction, the three-methods quantile normalisation, minmax normalisation and robust scaling were not very effective in correcting the sensor drift.
Follow-up research is needed to investigate other methods such as censored regression
model, multiple imputation of correcting for sensor drift. In censor regression model, the
dependent values are censored above or below a threshold value. The dependent value can
be scaled to range between a range of lower and upper limit. With the help of censor
regression model, the dependent variables can be left censored, right censored or, both left
and right censored except when the limit is infinity (Henningsen, 2010). Multiple imputation
is a method that is useful in predicting the missing data. It allows us to estimate the otherwise
missing value to a certain plausible values by looking at certain combination of the known
values (Sterne et al., 2009). Follow up research should also focus on the improvement of
sniffer devices that would integrate ideal calibration so that the need for the correction of
sensor drift will not be required.
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Conclusions
In this study, three standardisation methods, quantile normalisation, min-max normalisation,
and robust scaler, were investigated for the correction of sensor drift, and to determine any
benefit of data correction on genetic parameter estimates, including the heritability and
repeatability. There was a decrease in both the heritability and repeatability of mean CH₄
concentration after the three standardisation methods. Especially after the application of
quantile normalisation, the parameter estimates were significantly reduced. The graph
showing the frequency of the distribution was still heavily right skewed for some farms, and
the normally distributed graphs were transformed to right skewed distributions or to
distributions having higher frequencies at the minimum and maximum. Therefore, the three
suggested methods were not effective in correcting the sensor drift, and to provide stable
prediction of the measurement over time future research should focus on integrating other
standardisation methods.
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Appendix
1. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_2: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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2. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_3: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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3. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_4: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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4. I. Scatter plots and II. histograms for the mean methane traits as an average
per week for Farm_5: A. before normalisation, B. using quantile normalisation,
C. using min-max normalisation, D. using robust scaler.
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5. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_6: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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6. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_7: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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7. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_8: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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8. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_9: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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9. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_10: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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10. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_11: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.

A

B

C

D

A

B

C

D
35

11. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_12: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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12. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_13: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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13. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_14: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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14. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_15: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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15. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_16: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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16. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for Farm_17: A. before normalisation, B. using quantile normalisation, C.
using min-max normalisation, D. using robust scaler.
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17. I. Scatterplots and II. histograms for the mean methane traits as an average per
week for cows with more than five records per week for Farm_1: A. before
normalisation, B. after quantile normalisation, C. before quantile normalisation
normalisation, D. after quantile normalisation.
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Data management plan
Data management plan belonging to the MSc thesis performed at the Animal Breeding and
Genomics Group by Tshering Dekar, completed in August, 2022.
Agreements
1. The data used in this thesis project have been described in this document and have
been stored in a systematic manner (at least in separate folders for all sections as
described below). Data includes all data as mentioned in the results section of your
report.
2. The data management plan has been discussed with the MSc thesis supervisor and
he/she has agreed on the location for data storage.
3. In case of confidentiality, contact details of the responsible person from the
company/institution that has ownership of the data are mentioned in this document.
4. The data can be found through Anouk van Breukelen
(Anouk.vanbreukelen@wur.nl) on
/lustre/backup/WUR/ABGC/breuk021/DM_students/Tshering and M:/scripts
and materials on WUR PC
Section A - Raw data
File names

Received from

On date

220126_Visit_all_1pr.csv

Anouk van Breukelen

26/01/2022

calfdates.csv

Anouk van Breukelen

17/05/2022

pedigree.csv

Anouk van Breukelen

17/05/2022

pm005geb.csv

Anouk van Breukelen

17/05/2022

Renum_old_new_IDs.txt

Anouk van Breukelen

17/05/2022

CH4_standardisation.as

Anouk van Breukelen

24/06/2022

Asreml_hpc_visit.sh

Anouk van Breukelen

30/05/2022

Comments: These were the raw data files that I received from my supervisors. They
contained information on phenotype and genotype of cows from 17 commercial dairy
farms in the Netherlands. The data also consists of files which is required to run ASReml
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to calculate the parameter estimates (including residual, permanent environmental and
genetic variance, heritability, and repeatability).
Section B – Data analysis
File names

Created in (month, year)

Remarks

All script_all_farms.R

June, 2022

R script that reads, filters,
groups, sorts the data, and
performs

the

standardisation

three
methods

(quantile normalisation, minmax

normalisation,

and

robust scaling)
All script_individual farm.R June, 2022

R script that plots graphs
(histograms and scatterplots)
of data before and after the
three-standardisation method

ASREML.R

June, 2022

R script that creates a .csv file
to run in ASReml to calculate
the

parameter

(including

estimates
residual,

permanent environmental and
genetic variance, heritability,
and repeatability).

The R script files have comments that explain their outline and logic.
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Section C – Final data
All data files that were used for the Results section of your report.
File names
Table 1
Table 2
Figure 1A.png
Figure 1B.png
Figure 2A.png
Figure 2B.png
Figure 2C.png
Figure 2D.png
Figure 3A.png
Figure 3B.png
Figure 3C.png
Figure 3D.png
Figure 4A.png
Figure 4B.png
Figure 4C.png
Figure 4D.png
Appendix 1
Appendix 2
Appendix 3
Appendix 4
Appendix 5
Appendix 6
Appendix 7
Appendix 8
Appendix 9
Appendix 10
Appendix 11
Appendix 12
Appendix 13
Appendix 14
Appendix 15
Appendix 16
Appendix 17

Created in (month, year)
July, 2022
July, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
May, 2022
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Remarks
Table 1 as in the manuscript
Table 2 as in the manuscript
Figure 1A as in the manuscript
Figure 1B as in the manuscript
Figure 2A as in the manuscript
Figure 2B as in the manuscript
Figure 2C as in the manuscript
Figure 2D as in the manuscript
Figure 3A as in the manuscript
Figure 3B as in the manuscript
Figure 3C as in the manuscript
Figure 3D as in the manuscript
Figure 4A as in the manuscript
Figure 4B as in the manuscript
Figure 4C as in the manuscript
Figure 4D as in the manuscript
Appendix 1 as in the manuscript
Appendix 2 as in the manuscript
Appendix 3 as in the manuscript
Appendix 4 as in the manuscript
Appendix 5 as in the manuscript
Appendix 6 as in the manuscript
Appendix 7 as in the manuscript
Appendix 8 as in the manuscript
Appendix 9 as in the manuscript
Appendix 10 as in the manuscript
Appendix 11 as in the manuscript
Appendix 12 as in the manuscript
Appendix 13 as in the manuscript
Appendix 14 as in the manuscript
Appendix 15 as in the manuscript
Appendix 16 as in the manuscript
Appendix 17 as in the manuscript

