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Abstract

Dairy cattle contribute a significant proportion of greenhouse gases (GHG), mainly methane (CHa),
among other livestock species. Methane has a negative impact on climate; therefore, its reduction is
a top priority for a sustainable dairy production system. Genetic selection could be a viable,
permanent strategy to reduce methane production in dairy cows. This study aimed to estimate the
heritability of CH4 emission in Swedish Red cattle. Genetic correlations of CH4 with production
traits were also determined as a second objective of the study. A total of 1089 CH, records were
used in this study, collected from 194 Swedish Red cows from a single herd. The GreenFeed system
was used to measure CH4 emissions. This study examined two specific CHjy traits: daily CHa
production (g/d) and CHs intensity [g CHa/kg energy-corrected milk (ECM)]. The following traits
were also analysed in this study: dry matter intake (DMI), ECM, milk yield (MY), and body weight
(BW). Heritability estimates and correlations were calculated using univariate and bivariate animal
models. The variance components for the calculation of heritability and genetic correlations were
obtained using an AI-REML algorithm in the DMU software. The heritability (standard error in
brackets) for CH4 production ranged from 0.24 (0.31) in the first parity to 0.44 (0.20) in the second
and later parities. The estimates of heritability for CH4 intensity were 0.26 (0.35) in the first parity
and 0.38 (0.20) in second and later parities. The heritability for ECM, MY, DMI and BW in the first
parity were 0.40 (0.28), 0.58 (0.30), 0.80 (0.37), and 0.34 (0.39), respectively. The heritability
estimates for ECM and MY were extremely low in the second and later parities: 0.01 (0.12) and
0.05 (0.14), respectively. Genetic correlation of CH4 with DMI, ECM and MY in the first parity
were 0.48 (0.64), 0.23 (0.4), -0.06 (0.41) and 0.92 (0.77), 0.75 (0.64), 0.48 (0.41) in second and later
parities respectively. The standard error of estimates was very high for genetic correlations.
However, strong positive genetic correlation obtained between CH. production and DMI in this
study shows that precautions must be taken when selecting for reduced CH4 production as this may
consequently reduce the dry matter intake of animals. The high standard error of estimates signifies
the importance of enlarging the data set. The results of this study show that methane is a moderately
heritable trait. Hence, it is possible to reduce CH4 emissions in Swedish Red cows through genetic
selection.
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1. INTRODUCTION

1.1 Background

Swedish Red cattle is one of Sweden's dominant dairy breeds and plays an
important role in the provision of milk. Milk and milk products are important food
sources rich in essential nutrients for human health (FAO, 2013). The demand for
dairy products is expected to rise as the human population continuously increases
(Mickiewicz & Volkava, 2022) and an increase in demand of dairy products is
expected to result in an increased dairy production.

However, the production of dairy products has a negative impact on the climate due
to CH4 emissions. According to Gerber et al. (2013b), dairy production accounts
for 20% of global livestock sector GHG and 46.5% of total GHG of dairy cattle are
from enteric CH4. The production of CH4 from livestock and its impact on climate
changes are a major concern worldwide (Martin et al., 2010). In livestock
production, CHa is a colourless, odourless gas that is produced mainly in the rumen.
The other source of CH4 is manure decomposition. Microbial fermentation in the
rumen (enteric) accounts for about 80% of emissions and 20% from manure
decomposition (Garnsworthy et al., 2019). Enteric CH4 contributes significantly to
greenhouse gases (Moss et al., 2000; Musa, 2020). Methane is a potent greenhouse
gas with a severe impact on climate change. According to Myhre et al. (2014), CHa4
emission is equivalent to 28 times more global warming potential than that of CO,.
Hence, its mitigation is a top priority for sustainable cattle production.

There have been several efforts to reduce CHs for more sustainable livestock
farming. Mitigation strategies such as nutritional interventions, microbial solutions,
dietary supplements, and effective management practices have been adopted to
reduce CH4 emissions (Black et al., 2021; Cottle et al., 2011). Nutritional strategies
reduce CH4 emissions, but the reduction is only short-term and very expensive to
maintain. Microbial use reduces CH4 emission but negatively affects feed intake
and ruminal passage rate. Genetic means could offer an alternative permanent
solution to the reduction of CH4. This could be done by selecting and breeding for
low CHs-producing animals.



Heritability is one of the most important genetic parameters for the breeding and
selection of animals, contributing to faster genetic progress. Earlier research studies
have indicated that heritability of CH4 emissions in dairy cattle varies from 0.12 to
0.45 (Breider et al., 2019; Lassen & Lgvendahl, 2016). The variation depends on
the trait under examination and the lactation stage (such as CHs intensity, early-to-
middle or late lactation). Most research studies have been done on Holstein dairy
cows (Breider et al., 2019; Lassen & Levendahl, 2016), there are no heritability
studies on Swedish Red cows. Heritability is a population parameter and thus
depend on population-specific parameters and variation attributed to environmental
factors. There are also different CH4 emission traits relevant for selection such as
daily CH4 produced (g/d), CHa intensity (grams of methane/kg milk) and CHjs yield
(g methane/kg of dry matter) (Kamalanathan et al., 2023).

1.2 Statement of the problem

If we are going to select for cows that produce less CHs, we need to know the
heritability of the trait, to correctly separate the additive genetic information from
the phenotype and to predict an expected genetic gain. In addition, it is important
to know the genetic correlations with other important traits, to avoid any undesired
genetic changes in those traits.

1.3 Objectives

The main objective was to estimate heritability of CH4 emission in Swedish Red
cattle. A secondary objective was to estimate genetic correlations between methane
emission traits and production traits (milk yield, body weight and dry matter
intake).
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2. Literature Review

2.1 Livestock and methane production

Livestock species are responsible for 7.1 gigatonnes COze per year of the global
anthropogenic gases which is approximately 14.5% of the total Green House Gas
(GHG) emissions (Gerber et al., 2013a). Methane from enteric fermentation
represents 25% of CH4 anthropogenic emissions (Wuebbles and Hayhoe, 2002).
Over 90% of CH4 emissions from cattle and 40% of the greenhouse gas emissions
from agriculture come from the rumination process (Tubiello et al., 2013). Cattle
produce methane from enteric fermentation of feed stuffs (85 to 90%) and fecal
excretion. A total of 95% of rumen CHg is excreted via eructation and around 1%
is excreted via the anus (Murray et al., 1976). Methane production is a natural
biological process that occurs in the rumen during fermentation of feedstuffs and it
is produced by a group of Archaea known as methanogens (Hook et al., 2010b).
Methanogens in the rumen uses carbon dioxide and hydrogen produced through
carbohydrate fermentation to produce methane (Hook et al., 2010b).

2.2 Impact of methane emission on global warming

Methane is the second most predominant GHG following CO; and its ability to trap
heat is stronger than CO2 (MILICH, 1999) and it is increasing in the atmosphere at
a rate of 1% annually (Heilig, 1994). An increase in GHG emissions has a negative
impact on climate change. The accumulation of GHG in the atmosphere results in
elevated global warming. Global warming results in rising sea levels, elevated
temperatures, fluctuations in precipitations, heatwaves, and serious drought.
Therefore, CH4 mitigation is important.

2.3 Methods of measuring methane

11



Accuracy of measurement of CHa is very important to develop efficient mitigation
strategies. The production of CHj is influenced by several factors such as feed
intake, animal behaviour, feed nutritional composition and general animal
management (Goopy et al., 2016). The suitability of the measuring method depends
on the measurement objectives and its appropriateness. There are several methods
that are used to measure CHa. The traditional methods include sulfur hexafluoride
(SF6), the greenFeed™ system, breath during feeding or milking, and the laser
detector methods (Breider et al., 2019; Garnsworthy et al., 2019). Methane is
released from different parts of an animal, and each method measures specific
output. Respiration chambers are the only method that measures all emissions from
an animal through anus, oral and nostrils. Other methods do not measure emissions
from the anus but only from the breath.

2.3.1 Respiration chambers

This method is mainly used in nutritional studies and physiological studies where
few animals are recorded in controlled environments (Lassen et al., 2016).
However, this method is less applicable in genetic studies where individual
recording of more than a thousand animals is required. In addition to that,
respiratory cambers also induce stress which will impact the cows' metabolism and
consequently the methane emission. Due to the capacity to regulate the environment
and assess the dependability and stability of the equipment, chambers are
recognized as the industry standard for estimating the methane emission from
ruminants. However, an artificial environment may influence animal behaviour,
such as dry matter intake (DMI), which may in turn affect methane output (Tedeschi
etal., 2022) .

2.3.2 Automated head chamber system (GreenFeed System)

GreenFeed (C-Lock Inc, Rapid City, SD, USA) is an automatic head-chamber
equipment designed with a portable feeding station for spot sampling of CHa
emissions and gaseous exchange in ruminant animals (Hammond, Crompton, et al.,
2016). The green feed system combines gas measurement, airflow and feed intake
and does automatic animal identification ( Hristov et al., 2015). The system has got
an automated gas sampling technique. The green feed system sucks air from the
nose and mouth and direct it into a gas analysis system where CHa4 concentration is
measured with an infra-red sensor (Zhao et al., 2020). The GF system is designed
in such a way that the feed availability is distributed equally for each animal. In
addition, it has a built-in program that automatically controls timing and availability
of feed for each individual. The measurements are taken over 3 to 7 min when cattle
visits the GF unit, and should be distributed evenly over 24 hr or weighted to
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eliminate bias due to clustering of visits at specific times (Hammond, Waghorn, &
Hegarty, 2016). Methane emissions estimation is done on a cloud-based system
developed by the GF manufacturer (Garnsworthy et al., 2019).

A green feed system is a portable, automatic system for estimating individual
emissions. The technique can be used in both indoor and outdoor environments.
Reliable CH4 estimates can be obtained through controlling the time of each animal
recording. Hristov et al. (2016) and Velazco et al. (2016) highlighted the
significance of monitoring the timing and visits of each animal to the GF system to
ensure sufficient recordings for each animal throughout the 24-hour feeding period.

However, the system has a limitation of between animal and between days
variation. Furthermore, the type of the feed may influence the frequency of an
animal’s visit to the feeder (Velazco et al., 2014); this can be a limitation as some
animals may not go to the system or maybe less frequent.

2.3.3 Sniffer Technique

Sniffer methods are developed to measure methane during milking and feeding.
The technique is referred to as sniffer method because it used an equipment initially
intended to detect hazardous gas leaks. A sampling tube mounted in the feed trough
and directly attached to a gas analyzer collects air samples from the nostrils.
Different gas analyzers (Nondispersive Infrared (NDIR), Fourier-transform
infrared (FTIR), or photoacoustic infrared (PAIR)) and sampling intervals are used
by different research centers. (Garnsworthy et al., 2019)

The major advantage of this method is that it is fast and ensures the measurement
of many individual animals during milking in a commercial system. The method
also distinguishes between low and high-emitting animals. However, its
disadvantage is the wide variation between and within cow variability.
Additionally, compared to the GF method, it is less accurate in estimating CH4 out.
Several factors, such as animal head movement, feed bin design and the location of
sampling points all affect the accuracy of this kind of method. The heritability of
methane recorded with this method ranges from 0.12 to 0.45 (Lassen & Lavendahl,
2016).

2.3.4 Laser Methane Detector

The Laser Methane detector (LMD) method involves a hand-held device that is
pointed towards an animal's nostrils and record methane density. Animals are
restrained manually while taking the measurement. The time between methane

13



eruction events varies between 15 to 25 seconds. A monitoring period of 2 to 4
minutes separates eruction events from breathing cycle. Measurements are taken by
an operator at a distance of 1 to 3 m away from the animal. Care must be taken to
ensure the laser is pointed exactly to the nostrils throughout the recording period
(Garnsworthy et al., 2019).

Several factors, such as distance from the animal, animal’s head position, pointing
direction, head movement, direction of air movement and temperature in the
environment, close animals and the operator can influence the accuracy of the
method (Sorg et al., 2017). The operator has the biggest influence since he is in
charge of distance and pointing direction (angle). The design of the cattle barn, air
circulation in the barn and wind direction and speed are other sources of variation
at the point of measurement. Depending on the efficiency of the operator, each
LMD can record up to 10 individuals in an hour. Measurements can be taken 3
times a day and for 3 days per each animal. Pickering et al. (2015) estimated
heritability of 0.11 for laser based method.

2.3.5 Sulfur Hexafluoride Tracer Technique

The Sulfur Hexafluoride (SF6) method involves the insertion of a perforated tube
containing SF6 in the rumen. The SF6 technique is an invasive method, that
involves insertion of the rumen, too much animal handling and laboratory analysis
of the collected gas (McGinn et al., 2006). Noninvasive methods such as laser guns
and infrared based methods are the preferred method used to collected noninvasive,
short-term spot samples, which makes it possible to obtain records while cows are
in their normal production environment (Hegarty, 2013).

2.3.6 General comments

Assessing methane levels in a large population of cows is quite challenging.
Although respiration chambers have high throughput, expenses of running the
system are high hence less applicable to record huge number of animals. The system
IS thus suitable for research studies involving small groups of individual animals
and not for genetic analysis. Techniques such as SF6 and GreenFeed offer cost
advantages in terms of both initial investment and operational expenses compared
to respiration chambers. Additionally, they have higher throughput and potential
applicability in extensive grazing systems. However, cost is still a limiting factor
for recording large number of animals.
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2.4 Strategies to reduce methane and their pitfalls

Several methods have been adopted to mitigate CH4 emissions in ruminant species.
These methods include management practices, feeding strategies, enhancing
biochemical processes in the rumen through use of feed additives, vaccination of
animals, direct alteration of microorganisms in the rumen and genetic approaches
(Kroliczewska et al., 2023). Nutritional strategies are one of the proposed and
researched solutions. This is because CH4 is predominantly produced in the rumen
during the process of digestion.

Several factors such as feed intake, type of carbohydrate and its inclusion rate in
the diet, feed processing and addition of fat or ionophores to the ration alter rumen
microflora and indirectly affect CH4 production in cattle (Shibata & Terada, 2010).
Therefore, CH4 emission can be reduced through nutritional strategies.

Several feed additives such as saponins, flavonoids, organic acids, probiotics and
tannins are used to alter rumen microflora (Kumar et al., 2014; Patra & Saxena,
2009; Rasmussen & Harrison, 2011). Tannins, saponins and flavonoids have been
proven to decrease methane (CHs) in the rumen through inhibition of hydrogen
producing microflora, and lowers methanogenesis (Kréliczewska et al., 2023).

Fats and lipids have the potential to reduce CH4 in ruminant species ( Patra et al.,
2017). Addition of fats and lipids to the diet would result in an increased efficiency
of rumen microbes and energy utilization which in turn results in a reduction in CHa
emission (Beauchemin & McGinn, 2006). Moreover, lipid additives also alter
archaeal plasma membrane which results in disturbed membrane potential and
leakage of irons, and activation of enzyme reaction leading to the degradation of
methanogens and thus reduced CH4 production (Palangi et al., 2022). However,
fats have a negative impact on the digestion process and nutrient absorption ( Patra,
2012). According to Hassanat and Benchaar (2019), high lipid diet above 6% of dry
matter reduces fibre and feed digestibility, thus increasing nutrient by-pass and
CHa production from manure.

In addition to feed additives, direct manipulation of rumen microflora also reduces
CHa emissions in ruminants. This can be done through defaunation, a process of
removing protozoa from the rumen. Defaunation has been shown to reduce methane
emissions by 9 to 37% (Hook et al., 2010a; Morgavi et al., 2012). However, the
process of defaunation is complex and can result in reduced feed intake and
digestibility (Newbold et al., 2015).

Another mitigation strategy is vaccination. Vaccination involves inducing an
animal’s immune response to suppress the multiplication and growth of
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methanogens (Subharat et al., 2016). The effectiveness of this strategy relies on
sufficient production of specific antibodies to the methanogen’s antigens.

Although the above-mentioned nutritional strategies have been proven to reduce
methane emission in ruminants, the potential benefits are not long lasting. There is
a need for continuous alterations and management of diet. Diet and rumen
microbiota manipulation in ruminants requires specific adjustments that are
expensive to implement on a large scale and may not always yield the desired
results. Hence there is need to explore other strategies like genetic improvement.

2.5 Genetics as a potential solution

Animal breeding involves the application of genetics and selection to improve traits
of animals over generations. Breeding involves selection of the best performing
animals to become parents of the next generation. Heritability and genetic
correlations are critical parameters to consider when selecting a particular trait.

Incorporating methane in a breeding program and giving it an economic weight
can reduce methane emissions by 20% in the year 2050 (Haas et al., 2021).
Compared to other approaches like feed additives and immunisation, genetic
selection is long lasting and have cumulative effects (Knapp et al., 2014; Lassen &
Difford, 2020). There are no selection studies that have been done in dairy on
methane but selection of low methane lines in sheep have resulted in reduced CH4
(Jonker et al., 2017). This proves that genetics is a potential solution to mitigate
methane emission in ruminants. However, many animals with methane
observations are required for genetic studies (Kréliczewska et al., 2023), therefore,
more effort should be done on improving the methane measurement techniques.

2.6 Heritability and methane

Heritability is the proportion of phenotypic variation that is attributed to genetic
factors. It is categorised into narrow and broad sense heritability. Broad sense is the
proportion of the genetic factors (dominance, epistasis, and additive) to phenotypic
variance. Narrow sense heritability is the proportion additive variance of
phenotypic variance. Heritability ranges from 0 to 1. Heritability of O means the
variation observed for a trait is not due to genetic factors.

The heritabilities (standard error given in brackets) of methane (CHa) production,
calculated on a daily emission basis (grams of CH4 per day), are moderate, ranges
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from 0.12(0.16) to 0.45(0.11) (Breider et al. 2019). However, when assessed on a
yield basis (grams of CHa per kilogram of dry matter intake), the heritabilities are
notably lower, at 0.13 for sheep and 0.19 for cattle (Pickering et al. 2015). Results
from a study done by Pszczola et al. (2017), on methane emission from dairy cows
over the lactation period, shows that methane heritability varies throughout the
lactation period, commencing at 0.23 (SE 0.12), reaching its peak of 0.3 (SE 0.08)
at 212 days in milk (DIM), and 0.27 (SE 0.12) at the end of the production cycle.
Based on the type of methane characteristic being studied, heritability estimates in
dairy cows can range from 0.10 to 0.42, making methane a good option for decrease
through genetic selection. (de Haas et al., 2011; Pickering et al., 2015; Lassen and
Legvendahl, 2016)

Correlation between methane (CHas) production and other economic traits remain
mostly unexplored (Basarab et al., 2013). However, a recent study by Breider et al.
(2019) revealed genetic correlations ranging from 0.49 to 0.54 between CHgs
production and milk yield. This suggests that genetically favouring lower CH4
production could lead to a decrease in productivity.

17



3. MATERIALS AND METHODS

3.1 Experimental design

Methane observations were obtained from the SLU experimental farm
Robécksdalen outside Umea in the northern part of Sweden. A total of 1089 CHa
records were collected from 194 Swedish Red cows from a single herd. Data
included 12 individual studies conducted using one continuous design and 11
changeover designs (Latin square or switchback). Different treatment diets were
offered in each experiment. The experimental period ran for 21 or 28 days. The cow
per period observations were considered as experimental units. The number of
records per cow depends on the experiment, but generally there were 3-4
periods/records per cow per experiment, except for the continuous experiment with
18 periods representing week of lactation. The number of records for each trait are
shown in table 2. The observations available were weekly averages expressed per
day and consisted of repeated observations from the same cow over the course of
the experiment. Observations were from cows in parity 1 to parity 6 with days in
milk ranging from 7 to 232 days.

3.2 Description of the diet

The experimental diets consisted of grass silage mixed with protein and energy
source concentrates. The forage to concentrate ratio was 56:44 on dry matter basis.
Grass silages were produced from primary growth, primary regrowth, and
secondary regrowth material, and were wilted before ensiling with application of
silage acid-based additive. Cereal grains (maize, wheat, and barley) and agro-
industrial by-products (molassed or unmolassed sugar beet pulp, citrus pulp, or
molasses) were used as energy source in the main diet, while soybean meal, canola
expeller, or meal were incorporated in the diet as protein source. Oil supplements,
vitamins and minerals were included to make a complete diet with an adequate
supply of nutrients. The exact content of each diet is not within the scope of this
paper, but any differences in diets are accounted for in the statistical model.
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3.3 Traits measurement

The study focused on two CHa traits; CH4 production, which is total produced CH4
in grams per day and CHgs intensity (grams of CH4 produced per trait, e.g., kg of
energy corrected milk). A GreenFeed (GF) system was used to measure CHs
production. GreenFeed is a portable open-circuit head chamber system (GF system,
C-Lock Inc., Rapid City, SD). The GF system is shown in Figure 1. The system
was in the experimental dairy barn where dairy cows were kept. Dry matter intake
(DMI) was recorded on daily basis with Roughage Intake Control feeders (Insentec,
B.V., Marknesse, the Netherlands). Milk yield (MY) was documented digitally with
gravimetric milk recorders (SAC; S.A. Christensen and Co Ltd, Kolding,
Denmark). The cows were milked twice a day at 6 am and 4 pmina 2 x 8
herringbone-milking parlor. Energy corrected milk (ECM) was estimated according
to Sjaunja et al. (1990), using the following equation:

ECM (kg) = Milk production (kg) x (383 x fat % + 242 x protein % + 165.4 x
lactose % + 20.7) / 3140. Body weight was recorded on 3 consecutive days at the
end of every period after morning milking.

i —? —> Air Flow Outlet

€—CH, and CO, Sample Intake

Air Flow
Meter ———>k/

Feéd Bin

RFID Tag Reader

Figure 1. llustration of the GreenFeed components for methane measurement in ruminant species
(Hristov et al., 2015)
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3.4 Pedigree data

Pedigree data was obtained from Vaxa. A total of 1816 individuals were included
in the pedigree file (503 sires and 1190 dams) over 5 generations.

3.5 Statistical analysis

Data editing and descriptive statistics was done in R version 4.3.1. The lactation
curves for first and later (2+) parities for various traits were estimated using a
polynomial model based on Ali and Schaeffer (1987):
Ve =Po +P1 Y1 + D2YE + 03w + Pawi + ¢ + e [1]
ye = t/(305)
305
we = In(——)
t = days in milk(DIM)

where

Po,P1, P2, P3, Ps are the intercept and the 4 regression coefficients; p5,p,are
associated with increasing slope of the curve; p,,p, are associated with the
decreasing slope;

ci is the random effect of cow, ~IND (0, ¢2), with variance ¢2;

e, is the residual term for the model, ~IND (0, 2), where cZis the residual
variance.

Regression analysis was done in R using Ime4 package within parity (1, 2%). A
maximum of 200 DIM was used instead of 305 days. The data set comprised records
up to 235 days, however, the yields after 200 DIM showed an unexpected upward
trend, hence these latter observations were excluded.

3.6 Variance and covariance estimation

Variance components were determined using univariate and bivariate animal
models based on the Average Maximum Restricted Likelihood (AIREML)
procedure in the DMU package. Version 6.5.1 (Madsen & Jensen, 2013). The
following mixed linear animal model was used to estimate the genetic parameters
for single traits:
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Yijimn =Parityi + (Exp X Diet); + (Exp x Period)x + Expi + Zizlﬁ,f(DlMﬁ pem +

am + €ijwmn  [2]

yijk = observation for the given trait;

Parity; is the effect of parity 1 or 2+;

(Exp x Diet); is the combination effect of experiment and diet

(Exp x Period)x is the combination effect of experiment and period

Expi is the effect of experiment

= fixed regression coefficients on functions of DIM as described in model [1]

pem = random permanent environment effect of cow m, ~IND (0, o;5,), with

variance oy,;

am = random additive genetic effect of cow m, ~IND (0, Ac?2), with additive genetic

variance o2, and relationship matrix A; and

eijkm = the residual term for the model, ~IND (0, 2), where cZis the residual

variance.

Heritability, genetic correlations, permanent environmental correlation of traits

between parity 1 and parity 2+ were estimated using a bivariate model. The fixed

effects were the same as those used in the single trait animal model except for

random effects. Experiment, diet, and period were combined into a single random

effect as shown in the model [3] below:

yijk =Parityi + (Experiment x Diet x Period); +Zfl=1,8,f(D1M)+ pek + ak + Eiji
3]

where; (Experiment x Diet x Period); is the combination effect of experiment, diet,

and period.

pex = random permanent environment effect of cow k, ~IND (0, a5 ), with variance

Ope;

ax = random additive genetic effect of cow k, ~IND (0, Ac?2), with additive genetic

variance 2, and relationship matrix A; and

eijw = the residual term for the model, ~IND (0, ¢2), where cZis the residual

variance.

3.7 Calculation of heritability

The equation below was used to calculate trait heritability (h?) using variance
components estimated in DMU.
p =%
o5
h?=heritability
o2= additive genetic variance
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o= phenotypic variance defined as the sum of the three variances oZ, o5, and o
in the model.

3.8 Estimation of Correlation

Raw correlations of traits in the combined data set (all parities) were calculated
using Pearson correlation method in R version 4.3.

Genetic correlations between methane emission and other traits were estimated
using the equation below:

__ Ogjak
Ty = =
2 2

Gaj,aak

04j,ax = additive genetic covariance between trait j and k
2

o ],ajk = genetic variances estimate for trait j and k, respectively.
Permanent environment correlation was determined using the equation below.
0' .
_ pej,pek
The = ——
2 2
Opej,9pek

Opejpek= PEIManent environmental covariance between trait j and k
agej'agek:permanent environmental variances estimate for trait j and K,

respectively.
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4. RESULTS

4.1 Descriptive statistics of the data

The main aim of this study was to estimate the heritability of methane emission.
Genetic correlations were also analysed as second objective of the study. Single
trait and bivariate animal models were used to estimate variance components. These
variance components were used to calculate heritability and genetic correlations.
Data consisted of several nutritional traits, but only a few methane-related traits
were analysed, in addition to MY, DMI and BW. Descriptive statistics of the

analysed traits are shown in Table 1.

Table 1.Descriptive statistics: mean, standard deviation (SD), minimum (Min), maximum (Max) and
coefficient of variation (CV%) of CH4, CH4/ECM, ECM, MY, DMI, BW.

Trait Unit Mean SD Min Max CV%
CH, g/day 427 68.1 193 655 15
CHJ/ECM  g/kg 14.1 3.32 4.7 38.3 23
ECM kg/day 31.2 6.20 10.1 54.6 20
MY kg/day 29.3 6.17 10.5 48.2 21
DMI kg/day 20.8 2.87 10.5 29.3 10
BW kg 615 79.5 433 864 13

Table 2. Number of cows and number of records for each trait

Trait Number of cows Number of records
CH4 194 1089
ECM 194 1093
MY 194 1095
DMI 194 1100
BW 194 1091
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4.2 Lactation curves for CHa4 production, CHs intensity
and ECM

The lactation curves were initially fitted using model [1]. The pattern for methane
production showed the same trend for both parity 1 and 2+ (Figure 2.Lactation
curve for methane production fitted using model [1]). At the initial stage of
lactation, methane production was relatively lower and increased at a fast rate up to
60 days in milk. Methane production was rather stable from 100 day up to the
remaining days of lactation in both first and 2+ parities.

CH, [g/day]
500
450
400
350
300
250

0 20 40 60 80 100 120 140 160 180 200
Days in Milk
= Parity 1 Parity 2+

Figure 2.Lactation curve for methane production fitted using model [1]

The lactation curve for ECM in the first parity was different from that in the second
and later parities (Figure 3. Lactation curve for ECM fitted using model [1] for
cows in parity 1 and 2+). In the first parity, the initial ECM production was
relatively less than that in parity 2+, increased up to 20 days and become rather
constant for the remaining days of lactation. The ECM production in parity 2+ was
high during the first 40 days of lactation and decreases at a faster rate until 140 days
then become constant up to 200 days.
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Figure 3. Lactation curve for ECM fitted using model [1] for cows in parity 1 and 2+

The lactation curve for CHs intensity (g CHa/kg ECM) is shown in Figure 4.
Methane intensity was relatively low at the beginning of the lactation and increases
at a slower rate until 140 days and become relatively stead until 200 days. Methane
intensity for parity 2+ was lower compared to that in first parity but increased at a
faster rate than in parity 1.
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Figure 4. Lactation curve for g CH4/kg ECM fitted using model [1] for cows in parity 1 and parity
2+

4.3 Variance components and heritability estimates

The variance components and heritability estimates for the first parity are shown in
Table 3. and for the second and later parities in Table 4. The heritability for methane
production was moderately high in this study, ranging from 0.24 in the first parity
to 0.44 in the second and later parities. Heritability for methane intensity
(CH4/ECM) followed the same pattern, 0.27 in the first parity and 0.38 in the later
parities. The heritability of MY, ECM and BW were also moderately high in the
first parity, ranging from 0.34 to 0.58. Dry matter intake had the highest heritability
estimate of 0.79 in the first parity and moderate heritability of 0.27 in parity 2+.
Heritability for all other traits in parity 2+ were lower compared to that in the first
parity except for estimates of methane which were comparatively higher than in the
first parity. The heritability for DMI and BW were low in second and later parities
but still moderate while extremely low for MY and ECM. The standard error of
estimates were relatively high in this study.
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Table 3.Estimates of variance components for Experiment x Diet (ExpD), Experiment x Period (ExpP), experiment (Exp), permanent environmental (o%pe), additive
genetic (o%a), residual variance (o%), phenotypic variance (o?p, sum of &2pe, o%a, and &%), and heritability estimated using a single trait animal model [1] for parity

1.
CH,4 SE CH4/ECM SE ECM SE MY SE DMI SE BW SE

ExpD 535.93 169.66 1.49 0.70 1.45 0.48 1.01 0.33 1.13 0.55 0.70 1.01
ExpP 144.02 56.92 0.66 0.36 0.27 0.15 0.256 0.12 0.64 0.31 0.45 0.25
Exp 427.03 349.47 2.36 1.59 1.63 1.39 2.98 1.98 2.35 1.71 0.94 2.98
o’pe 857.40 627.86 1.02 1.58 3.85 2.97 3.05 3.27 4.49 2.69 1.70 3.05
7 503.78 671.18 1.27 1.73 453 3.32 6.73 3.86 5.97 3.29 1.71 6.73
oe 755.98 70.15 241 0.43 2.83 0.25 1.73 0.16 1.52 0.27 1.59 1.73
o’p 2117.15 4.70 11.20 11.5 7.49 5.01 11.50

h? 0.24 0.31 0.27 0.35 0.40 0.28 0.58 0.30 0.80 0.37 0.34 0.58

Table 4.Variance components and heritability estimate for parity 2+ estimated with a single trait animal model [1].
CH, SE CH./ECM SE ECM SE MY SE DMI SE BW SE

ExpD 502.36 148.69 0.86 0.45 1.27 0.54 1.22 0.46 2.52 0.90 1.56 0.65
ExpP 95.27 46.45 0.17 0.20 6.78 0.18 1.05 0.13 0.18 0.19 8.34 0.14
Exp 346.12 255.92 0.43 0.53 3.93 2.18 6.97 3.43 0.86 0.98 0.28 0.55
pe 419.72 479.92 2.52 1.90 16.48 4.01 19.45 4.65 4.86 2.40 3.21 1.88
ope 1326.07 614.52 3.70 2.20 0.13 3.24 1.30 3.95 3.02 2.57 2.38 2.05
sa 1291.67 84.53 3.55 0.40 9.60 0.62 6.60 0.43 3.26 0.39 3.39 0.38
o?p 3037.45 9.78 26.22 27.35 11.14 6 8.99
h? 0.44 0.20 0.38 0.20 0.01 0.12 0.05 0.14 0.27 0.22 0.26 0.22
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Estimates of heritability (h?), genetic correlation (rg) and permanent environmental
correlation (rpe) from the bivariate analysis are shown in Table 5. The heritability
for methane, milk yield, ECM, and dry matter intake in parity 1 were in range with
those estimated using a single trait animal model. Heritability estimates for
methane, milk yield, ECM, and dry matter intake in parity 2+ were 0.41, 0.08, 0.07
and 0.07, respectively. For parity 2, the estimates are substantially lower than those
for the first parity except for methane, which was slightly higher than that in parity
1. The genetic correlation of milk yield in the first parity and that in the second and
later parity was the highest, followed by that of DMI. Methane had a lowest genetic
correlation among other traits but still moderate.
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Table 5.Variance components and heritability estimates estimated using a bivariate animal model for parity 1 and 2.

CHa_1 CH,_2 MY 1 MY 2 ECM 1 ECM 2 DM1 1 DMI_2

o%a 1037.76 1609.32  6.93 2.44 4.69 2.33 0.72 0.58
o2pe 622 352.2 5.32 18.2 5.22 16 1.26 3.64
VarTreat 390.1 721.6 1.15 36 1.36 2.24 0.75 0.96
o 877.6 1258.8 1.60 6.77 2.82 9.63 0.94 2.65
o2p 2927.46  3941.92 15 31.01 14.08 30.2 3.67 7.83
h? 0.35 0.41 0.46 0.07 0.33 0.08 0.20 0.07
Iy 0.27 0.80 0.36 0.54

oo 1.0 0.50 0.74 0.25

1: parity 1, 2: parity 2, s%a: additive genetic variance, o%pe: permanent environmental variance, VarTreat: treatment variance (Experiment x Diet x Period)
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4.4 Genetic and permanent environmental correlation

The genetic and permanent environmental correlations of CH4 and other production
traits (ECM, DMI, and MY) are shown in Table 6. The standard error (SE) of
genetic and permanent environmental correlations obtained in this study were
extremely high, therefore the estimates were not very precise. Only the standard
error for permanent environmental correlation of CH4 with DMI in the second
parity was low (0.09). The genetic correlation of CHs4 with DMI and ECM was
positive, moderate in the first parity and strong in parity 2+. Methane had a weak
negative genetic correlation with MY in the first parity and a moderate positive
genetic correlation in parity 2+. The results show that CH4 has a strong positive
genetic correlation with DMI compared to other traits. The bivariate analysis for
methane intensity trait did not run.

Table 6.Genetic (rg) and permanent environmental correlation (rye) estimates for methane and other
traits between parity 1 and parity 2+ with their corresponding standard errors in brackets.

Parity Estimate CH,-DMI CHsECM  CHs;MY

1 Iy 0.48 (0.64) 0.23(0.40)  -0.06 (0.41)
oo 0.36 (0.51) 0.54 (0.65)  0.91 (1.00)

2 Iy 0.92 (0.77) 0.75(0.64)  0.48 (0.41)
oo 0.60 (0.09) 0.32(0.14)  -0.17 (0.14)

4.5 Raw correlation of CHs and other traits

The correlations of CH4, g of CH4/ kg ECM, MY, ECM, and BW are presented in
Table 6. The results showed that CH4 production is positively correlated with all
traits, with a strong correlation with DMI, moderate correlation with g CH4/ kg
ECM and a weak correlation ECM and MY. Methane intensity had a moderate
positive correlation with CH4 production, weak positive correlation with BW and
weak negative correlation with ECM, DMI and MY .
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Table 7. Raw correlations of CH4, g CH4/ kg ECM, MY, ECM, BW and DMI of combined data set

(all parities).
g CH./kg ECM ECM BW DMI MY

CHs9/d 0.45 0.24 0.39 0.54 0.22
g CHs/kg ECM 1 -0.69 0.16 -0.05 -0.66
ECM 1 0.18 0.47 0.92
BW 1 0.31 0.16
DMI 1 0.45
MY 1

CH, g/d: methane production per day, g CH4/ kg ECM: grams of methane per kg of energy corrected

milk, MY: Milk yield, BW: body weight, DMI: dry matter intake, ECM: energy corrected milk
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5. DISCUSSION

The main aim of this study was to estimate the heritability of CHs emission in
Swedish Red cattle using a data set collected in northern Sweden. Genetic and
phenotypic correlations were also estimated as the second objective. Heritability
was estimated using both a single trait and bivariate animal models. Most research
studies on heritability of CH4 were in Holstein cows (Breider et al., 2019; Ghavi
Hossein-Zadeh, 2022; Kamalanathan et al., 2023; Lassen & Lgvendahl, 2016).
There are no published studies on heritability for Swedish Red cattle.

The average CH4 production in this study is within the range of that reported by
Kamalanathan et al. (2023) in Holstein cattle using the GreenFeed system. However
higher than 352 g/day reported by Huhtanen et al. (2019) using the same measuring
system but in grazing system. Furthermore, the average CHa yield in this study is
even higher than averages previously published using other measurement
techniques. For instance, Grainger et al. (2007) obtained an average of 333 g using
a SF6 tracer technique and 322 g with respiration chamber in Holstein cattle under
controlled environment. The average CHa intensity in this study is similar to that
published by Martinez-Marin et al. (2023)

Very few studies have published results on lactation curves for CH4 production. The
pattern for CHa4 production over the course of lactation observed in this study was
relatively similar to that published by Pszczola et al. (2017) although using a
different model. However, CH4 production was continuously increasing up to 100
days in milk which is opposite from a study by Lassen and Lgvendahl (2016).
Generally, there is a similar trend in both parities but relatively higher production
in second and later parities. The lactation curve pattern for CHa intensity in this
study is similar to that modelled using a Wilmink term for CHa/corrected milk by
Martinez-Marin et al. (2023).

The heritability estimate of CH4 emission per day obtained from this study for
methane in the first parity (0.23-0.27) was slightly higher than that previously
recorded for Holstein dairy cattle at 0.16 (Kamalanathan et al., 2023). However,
these estimates are also within the range of 0.12 and 0.45 reported by Breider et al.
(2019) on a smaller data set of 184 Holstein-Friesian cows. The estimated
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heritability for CHs intensity of 0.27 is the same as that recorded in a similar study
by Kamalanathan et al. (2023), but slightly lower than the 0.33 presented by
Richardson et al. (2021) for Australian dairy cows.

Heritability in this study were moderate in the first parity and high in the second
and later parities, that is increasing from first parity to later parities. This trend is
opposite to the findings of Kandel et al. (2017), where the heritability estimates
decrease with parity. Heritability estimates of 0.40 to 0.43 for CH4 production
obtained in this study for second and later parities are among the highest recorded
in previous studies. High heritability estimates obtained in this study could result
from averaging observations. Methane observations used is this study were weekly
averages. It has been previously reported that averaging CH4 observations can
result in high heritability and reduced residual variance (van Breukelen et al. 2022)

Although the estimates for CH4 emissions are within the range of those previously
reported, the standard error of estimates was relatively high in this study. High
standard errors could be attributed to challenges separating animal variance into
permanent environmental and additive genetic variances with few numbers of
observations. Hence, the extremely low or high estimates.

The heritability of 0.01 for ECM in parity 2+ was significantly lower than that in
the first parity (0.40). This low heritability was substantially lower than the range
of 0.14 to 0.21 recorded for Iranian Holsteins (Hossein-Zadeh 2012). Although the
heritability estimates for ECM were extremely low in parity 2+, the decreasing
trend over parities has been observed in a previous study by Hossein-Zadeh (2012).
Extreme low heritability estimates could occur by chance owing to the smaller data
set.

The heritability of 0.80 for dry matter intake in the first parity was extremely high
compared to 0.33 recorded for Australian dairy cows (Richardson et al., 2021), 0.46
recorded by Polizel et al. (2018) and 0.2 to 0.6 in Swedish Red Holstein (Tarekegn
et al., 2021). However, the heritability estimates in the second parity estimated by
the bivariate model were 0.07 and significantly lower than 0.27 estimated by the
univariate model. The estimate from the bivariate model are even lower than the
lowest 0.10 recorded by Toshniwal et al. (2008). Cavani et al. (2023) obtained
heritability estimates of 0.20 to 0.40 for Holstein, 0.17 to 0.42 for Jersey and 0.25
to 0.41 for Nordic Red. Therefore, the results obtained in this study are closer to
those reported in the literature, although high in the first parity.

A heritability of 0.40 for energy corrected milk yield in the first parity was slightly
higher than that previously published 0.23 in the first parity of Holstein cows
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(Liinamo et al. 2012) but still within the range of 0.12 to 0.62 reported by Spurlock
et al. (2012). Heritability for MY in the second parity was 0.047, estimated by a
single trait animal model, and 0.07 by a bivariate animal model. Despite the
estimates being lower than those previously published in literature 0.20 to 0.33
(Abe et al., 2009; Breider et al., 2019; Gonzalez-Recio et al., 2006; Zink et al.,
2012), a decrease in heritability for milk yield across lactation has been reported by
Zink et al. (2012).

Previous studies have shown that body weight is a moderate to highly heritable trait,
with heritability estimates ranging from 0.48 to 0.57 (Toshniwal et al., 2008). The
heritability estimates obtained from this study for body weight align with those
previously published.

The bivariate animal model results generally showed the same trend as observed
using the univariate animal model. However, the heritability for ECM and MY
estimated using a single trait animal model were substantially lower than those
obtained using a bivariate animal model. The genetic correlation of traits in the
bivariate model were positive. This implies that selection for reduced CHa in the
first parity will result in reduced CH4in second and later parities. This supports the
claim that genetic improvement has an advantage of cumulative effects in CHa
reduction. The bivariate analysis did not work for methane intensity trait. This could
be due to variance components close to 0.0.

To effectively introduce CHa as the breeding goal, in a breeding program, it is
critical to know how it correlates with other traits (Wall et al., 2010). Hence, genetic
correlations were also evaluated as a second objective in this study. Genetic
correlation of CH4 and other traits has not been extensively studied, only few
research studies are documented (Lassen & Lgvendahl, 2016; Pszczola et al., 2017,
Zetouni et al., 2018). The results for genetic correlations from this study were
unfavourable. All genetic correlations of CH4 with other traits had high standard
errors, making the estimates less reliable. Generally, the results despite of high
standard errors showed a strong genetic correlation of methane with DMI and low
to moderate correlation with MY and ECM. Methane is strongly correlated with
DMI and low to moderate with other traits.

Raw correlations of CH4 production with CHs4 intensity, DMI, MY and ECM were
positive. Methane production was strongly correlated with DMI, moderately
correlated with CHs intensity and low to moderately with other traits. The strong
correlation of CH4 with DMI is attributed to the fact that methane is predominantly
produced in the rumen as by product of fermentation of feed stuffs.
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Methane intensity is a very promising CHj trait that can be incorporated into a
selection index (Lassen & Lgvendahl, 2016). However, before incorporating CH4
traits in a selection index there are various parameters to consider. The trait must
be heritable, well defined, recordable, be affordable and its genetic correlation with
other traits in the index must be known (Hazel, 1943). Results from this study shows
that both CH4 production and CHa intensity are heritable traits, therefore can be
included in the selection index. However, opting for few cows that produce more
ECM per gram of CH4, through selecting for methane intensity is more
advantageous than having more cows that emits less CH4 but produce less ECM.
Methane intensity can be included in the selection index together with other
production traits, health, longevity and reproduction traits (Haas et al., 2021).
Unfortunately, the bivariate analysis was not able to estimate the variance
components for estimation of genetic correlation of CH4 intensity and other traits
in this study but CH4 production was positively correlated with DMI, therefore,
selecting for CH4 production leads to a decrease in in DMI. Incorporating CHasin a
breeding program with an economic value could reduce CHjs intensity by 24% by
year 2050 (Haas et al., 2021). The economic value of CHg traits can be determined
using a carbon tax value or a proportional cost of energy lost exhaling CHa
(Gonzélez-Recio et al., 2020). Haas et al. (2021) obtained an economic weight of -
€0.37 g/d for a year using the formula; Economic value = -1* (shadow price of CO2
* 28/1 000 000) * 365

where; -1 is the direction of selection, 28 is the global warming potential of CHa,
division by 1000 000 to convert grams to tonnes and multiplication by 365 to
calculate gain per year.

Although CHj4 reduction is a debatable political topic, it has not been incorporated
into any breeding program to date, therefore, there is need for strong government
support through incentives for including CHs in a breeding program and
international collaborations.

35



6. Conclusion

Heritability estimates for CH4 production and intensity obtained from this study
were moderate in the first parity and high in the second and later parities. The
heritability estimates of CH4 production and intensity obtained using univariate
animal model were similar to those estimated using a bivariate model. Therefore,
results obtained from this study suggest that it is possible to select animals for lower
CHs production and CHj4 intensity for genetic improvement in any parity. The
strong positive genetic correlation obtained between CH4 and DMI in this study
shows that precautions must be taken when selecting for reduced CHjs as this may
consequently reduce the DMI of animals. Reduced DMI can affect the cow's health
and production. The low to moderate positive genetic correlation of CHs with ECM
and MY suggests that selecting for CH4 reduction may not have substantial impact
on MY and ECM. However, the standard errors of estimates were very high for
genetic correlations in this study. This was a limitation of a relatively small data
set. Therefore, | recommend the expansion of the data set to obtain more reliable
estimates.
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Popular science summary

Dairy cows play an important role in the provision of milk, which is essential for
human health. Dairy cows thrive on a diet primarily composed of grass, a fibrous
material indigestible to humans. Microbes present in the rumen aids the digestion
of grass into valuable nutrients which can be absorbed by the cow. However, some
of these microbes produce methane, as a byproduct of digestion of feedstuffs in the
rumen. Methane has a negative impact on climate change; hence it is among the
recently studied traits of ruminants. Dairy cows emit a large amount of methane
among other livestock species. Reduction of methane results in a more sustainable
dairy production. There have been many efforts in attempt to reduce methane
emissions from cattle such as nutrition and management practices. However,
genetics and breeding strategies could be a long term, permanent strategy. For
genetic improvement of a particular trait, it is important to know its heritability as
well as genetic correlation with other production traits to access its potential for
genetic gain. Heritability is the proportion of phenotypic variance that is due to
additive (heritable) genetic effects. A high heritability is desired for fast genetic
progress. Low heritable traits are difficult to improve through genetics. Therefore,
this study has mainly focused on estimating heritability of methane as well as
genetic correlations in Swedish Red cows. We used 1089 methane records from
194 Swedish Red cows from a single herd in Northern Sweden, collected using a
GreenFeed system. This study examined two specific methane traits: daily methane
production (g/d) and methane intensity (g methane/kg energy-corrected milk). We
estimated heritability for other productions traits associated with methane: dry
matter intake (i.e., feed intake), energy-corrected milk, milk yield, and body weight.
The results from this study proves that methane is a moderately heritable trait,
therefore it is possible to reduce methane production and intensity in Swedish Red
cattle through genetic selection. However, the results also show a strong genetic
correlation of methane with dry matter intake. This means if we select for reduction
of methane, dry matter intake will also be reduced. However, reduction in dry
matter intake has a negative effect on cow’s productivity and its overall health,
hence precautions must be taken when selecting for reduced methane for a balanced
genetic gain. Although estimates in this study are in line with those previously
published, the standard error of estimates were high. Another analysis with a huge
dataset could validate the results.
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