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ruminants have the advantage of being able to eat forages and graze on land
that is not appropriate for arable cropping, they also produce methane which
is a potent Greenhouse gas (GHG), 2% to 12% of the gross energy consumed
is converted to enteric CH4 during ruminal digestion, and they produce
around 6% of worldwide anthropogenic greenhouse gas emissions. As a
result, ruminant producers must identify cost-effective solutions to minimize
emissions while still fulfilling customer demand. Traditional strategies for
reducing ruminant methane output have been successful, but only to a limited
and frequently transient extent. When assessed in respiration chambers,
individual animal emissions are somewhat heritable and repeatable across
diets. To date, few of the suggested strategies have been implemented because
the methane emissions currently have no direct or indirect economic value for
farmers, with no financial incentive to change practices and secondly most
strategies have limited, or no long-term effects. Potentially, the most
sustainable way of reducing enteric CH4 emissions from ruminants is
through breeding and genetic selection. There is a lot of potential in using
genetics to reduce CH4 emissions from ruminants as the alterations made
using genetics are permanent, cumulative, and far-reaching. New
technologies, including genomic selection, microbiome-based breeding
strategies, metagenomic investigations, and genetic selection of animals may
be a sustainable way to reduce ruminant GHG emissions. These advanced
genetic technologies also have the potential to give considerable long-term
economic benefits and can also be used in grazing animals.
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Introduction

Due to the continuous expansion of the world population, a rising middle class, economic growth, and urbanization
(Gerber et al., 2013), global demand for meat and milk is expected to increase by 73 percent and 58 percent,
respectively, by 2050, compared to 2010 levels. These conditions are stressing the need for innovative strategies
and approaches for food security and sustainable agricultural development. Ruminants are one of a kind in their
capacity to digest cellulose-rich meals, due to the wide variety of microorganisms that break down feed in the rumen
of the host animal. Microorganisms like bacteria, fungi, and protozoa use hydrolysis to break down complex
substances into volatile fatty acids (VFA), primarily acetate, propionate, and butyrate. Fermentation produces
different amounts of formic acid, hydrogen (H.), and carbon dioxide (CO_) as end products at the same time (Hook
et al., 2010). In ruminants, the H: is used by the majority of methanogenic archaea in the rumen to decrease CO;
and create methane (CH.). Animal agricultural expansion is a source of concern since it contributes to rising
greenhouse gas (GHG) concentrations in the atmosphere and, as a response, climate change occurs.
Anthropomorphic production of greenhouse gases is boosting global temperatures to levels that are endangering the
planet's ecosystems' long-term viability (Arora et al., 2018). Temperatures have risen by more than 1.2 degrees
Celsius in some parts of the world during the 1960s, and yearly soil moisture in the farming districts of southern
Australia is believed to have decreased by 20 to 40 percent (Manabe et al., 2019). Carbon dioxide and methane
concentrations in the atmosphere have increased from 350 to 410 parts per million (28%) and 1100 to 1875 parts
per billion (70%) since 1950, respectively (the United States Environmental Protection Agency). Methane is 28
times more potent as a greenhouse gas than carbon dioxide over 100 years, and 80 times more potent over 10-20
years (Pachauri et al., 2014). Enteric methane, which is produced by the microbial fermentation of plant material
by ruminant animals, predominantly cattle, accounts for 30% of all methane released into the atmosphere, more
than any other single source (www. globalmethane.org). Gerber et al. (2013) found that enteric methane is the
greatest contributor (40%) to global greenhouse gas emissions from animal supply chains, accounting for 6% of
total anthropogenic greenhouse gas emissions (Ripple et al., 2014; Beauchemin et al., 2020). Ruminants also create
a significant quantity of carbon dioxide (CO2), with a CH4:CO; ratio of roughly 4:1 (Clauss et al., 2020), accounting
for 8% of all anthropogenic greenhouse gas emissions. Concerns that bovine enteric CH4 contributes to
anthropogenic GHG emissions have prompted new research into the mechanisms that influence methanogenesis in
the rumen, as well as the investigation of a wide range of potential mitigation measures. Because India has a large
livestock wealth of 536.76 million cattle, 149 million caprines, and 74 million ovines, as well as considerable
numbers of pigs, camelids, and equines, the livestock industry is essential in India's fight against global warming
and its consequences for food production economics (20" Livestock census, 2019). Although the cattle industry
accounts for only 4.11 percent of total GDP, it accounts for 25.6 percent of agricultural GDP (Gross Domestic
Product). Furthermore, in 2015-16, the sector employed 8.8% of the Indian population (Shanmathy et al., 2018).
The enteric CH4 emission is responsible for 44% of the GHG emissions from the total livestock group and 55%
from the ruminants (FAO, 2019). Enteric methane emissions from Indian livestock contributed 15.1% of total global
enteric methane emissions. In India, cattle ranked first in emitting enteric methane contributing about half (49.1%)
of total enteric methane, followed by buffalo (42.8%), goat (5.38%), and sheep (2.59%), and other (0.73%) (Patra
et al., 2014).

Table 1: Percentage share in total enteric methane emission

Species Percentage
shared
Cattle 49.1%
Buffalo 42.8%
Goat 5.38%
Sheep 2.59%
Pig 0.57%
Other 0.73%

(Patra et al., 2014)
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Methane can be produced by natural and by various anthropogenic sources as shown in Figure 1.
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Figure 1: Sources of methane emission
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The Indian government is taking several initiatives to reduce methane emissions, including the "Gobar (Galvanizing
Organic Bio-Agro Resources) — Dhan" scheme and the "Nepal Methane Action Plan." The Gobardhan scheme, for
example, encourages the recovery of biodegradable trash and the conversion of waste into resources, as well as the
reduction of GHG emissions. Despite massive multinational research efforts, finding ways to reduce methane
emissions remains a problem to be solved. Nutrition, physiology, microbiology, and genetic selection are just a few
of the areas in animal science that have concentrated on developing techniques for reducing methane generation in
cattle. Common approaches to reduce CH,emissions in ruminants include dietary manipulation, drugs to reduce or
control the quantity of methanogenic microorganisms in the gut, and/or vaccination. However, current strategies to
inhibit methanogen activities in the rumen typically fail or have limited success due to low efficacy, poor selectivity,
microorganism resistance, toxicity, or side effects of the compounds or drugs in the host species (Leahy et al., 2013).
As a result, breeding low-methane-emitting animals is a realistic option. Low methane (CH4) emitting cows can be
genetically selected, which can be an effective and long-term strategy for reducing GHG emissions from dairy cattle
(Garnsworthy et al., 2012; Lassen and Difford, 2020). Because genetic changes are cumulative and irreversible, this
strategy requires additive genetic variation as well as time to have an effect, as selection occurs across generations.
Sustainable intensification has been proposed (Godfray et al., 2010) to address food security as well as the economic
and environmental implications of food production, with genetic improvement of feed conversion efficiency in farm
animals being of primary relevance. Through an exhaustive assessment of literature and case studies, the current
review addresses the dynamics of global warming, and the implications of climate change on cattle production.
There has been a wide array of CHs-related publications, ranging from genome sequencing of rumen methanogens
(Henderson et al., 2015, Henderson et al., 2018, Seshadri et al., 2018) to mitigation strategies (Beauchemin et al.,
2009; Hristov et al., 2013; Eckard and Clark, 2018).

The Rumen Microbiome

The rumen is a complex, dynamic ecosystem that is mostly composed of anaerobic bacteria, protozoa, anaerobic
fungi, methanogenic archaea, and phages. The protozoa can comprise up to half the rumen microbial biomass, the
fungi about 7%, the archaea 1-4%, and the bacteria form the remainder and are normally the most abundant
population. All contribute to methanogenesis directly or indirectly, but their role in and response to nitrate
metabolism is much less clear (Yang et al., 2016). These microorganisms interact with one another and with the
host, obtaining energy from the breakdown of plant cell wall polysaccharides (Mizrahi, 2013). It's also been
suggested that these microorganisms have niche specialization in terms of nutrient utilization and that they engineer
the rumen ecology in terms of following microbial colonization and nutrient usage (Pereira and Berry, 2017; Shaani
et al., 2018). Ruminants supply human-edible nutritious food obtained from marginal land as a result of their highly
evolved rumen microbiome, without competing with human food (Kingston-Smith et al., 2010). The
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hydrogenotrophic route, i.e. 4H; + CO2 = CH4 + 2H,0, is the most common route for methanogenesis in the rumen
(Martin et al., 2010; Morgavi et al., 2010). Hydrogen gas is produced by ciliated protozoa, anaerobic bacteria, and
fungus whereas methanogenesis is carried out by the archaea. As a result, it seems logical that methane emissions
should be related to archaeal abundance in the rumen, which accounts for 87 percent of enteric emissions in the
digestive system (Murray et al., 1976).

Methane Production

Anaerobic fermentation, in which bacteria break down organic matter to produce hydrogen (H2), carbon dioxide
(C0O2), and methane, produces naturally occurring methane (CH4) (Palangi et al., 2022). Figure 2 shows the process
of enteric methane production from livestock. In the digestive systems of domesticated and wild ruminants, natural
wetlands, and rice paddies, this process occurs naturally. Enteric fermentation occurs in the digestive system or
rumen of ruminants, where bacteria degrade and ferment plant components such as celluloses, fiber, starches, and
sugars. One of the by-products of this digestive process is enteric methane, which is released by the animal through
burping.

A 95%
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Figure 2: Shows the Process of enteric methane production from livestock (Palangi et al., 2022)

Other by-products (acetate, propionate, and butyrate) are absorbed by the animal and used as energy precursors to
produce milk, meat, and wool. The level of intake, the kind and quality of feed, the amount of energy consumed,
animal size, growth rate, degree of production, and environmental temperature all influence enteric methane output.
The enteric fermentation process normally loses between 2 and 12 percent of a ruminant's energy intake (Johnson
and Johnson, 1995). According to the literature, the most important issue to consider when creating strategies to
decrease ruminant CH4 emissions is the management of H, generation in the rumen. By suppressing H. liberating
processes or boosting alternate Hp-using reactions or methods for disposing of H, during fermentation, it should be
able to reduce CH, creation. Cattle can produce 250-500 liters of CHa per day, this level of production results in
estimates of the contribution by cattle to global warming that may occur in the next 50 to 100 yr to be a little less
than 2% (Johnson and Johnson, 1995). As a result, it is critical to reduce the contribution of CH4 from ruminants to
environmental pollution and to put this food energy to good use for the host animal. The primary methanogens in
the bovine rumen use hydrogen and carbon dioxide to make methane, but there is a group of methanogens in the
genus Methanosarcina that grow slowly on hydrogen and carbon dioxide and hence have their niche by producing
methane using methanol and methylamines (Hungate et al., 1970; Patterson et al., 1979). Formate, which is
produced during the synthesis of acetate, can be utilised as a methanogenesis substrate, albeit it is frequently
transformed to hydrogen and carbon dioxide instead (Hungate et al., 1970; Archer et al., 1986). Because the
conversion of volatile fatty acids (VFA) into carbon dioxide and hydrogen is a time-consuming process that is
slowed by rumen turnover, they are not often used as methanogenesis substrates (Hobson and Stewart,1997). As a
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result, once VFAs are created, methanogenesis frequently consumes the hydrogen and carbon dioxide produced by
carbohydrate fermentation (Hungate et al., 1970). Methanogens allow the microorganisms engaged in carbohydrate
fermentation to function optimally and facilitate the complete oxidation of substrates by eliminating hydrogen from
the ruminal environment as a final phase of carbohydrate fermentation (Sharp et al., 1998). When carbohydrates are
fermented, hydrogen is produced, and if this end product is not eliminated, it might limit rumen microbial
metabolism (Sharp et al., 1998).

Pre-Requisites for Studying Methane Emission by Using Genetics

A way to evaluate the features or phenotypes of interest is the first and most obvious necessity for selective breeding.
Such data might be used to identify biological sources of phenotypic variances, such as non-genetic variables, which
would need to be eliminated experimentally or statistically. As a result, it is crucial to figure out whether the
phenotypic trait is considerably repeatable and heritable in the conditions in which animals are anticipated to
perform. Heritability is determined by recording information about related individuals, but repeatability is
determined by recording the same individuals many times during their productive lives. If the phenotype is heritable,
genetic characteristics that are substantially associated (high confidence and low SE) with existing variables in the
selection index must be established. Methods for enhancing the accuracy of estimated breeding values (EBVs) by
including genetically connected indicator qualities, reviewing prediction methods and models, and examining how
potential genotypes interact with the environment are all areas of genetic study. Once these genetic criteria have
been determined, cost-benefit analyses can be used to estimate the economic value of recording and selecting for
specific features (Lassen and Difford, 2020).

Methodologies for Measurement of CH4 from Ruminants
Respiration Chambers

The respiratory chamber (RC) system is frequently referred to as the "gold standard” for measuring emissions. This
method, however, is expensive, complex, labour intensive, and has a low capacity for the number of animals that
can be measured at one time, limiting its availability for large-scale applications. Furthermore, it does not reveal the
animals' living conditions in production systems (Storm et al., 2012). Few believe that RC measurements accurately
estimate CH. output over the typical measurement period of 1 to 3 days and that they do so by sampling emissions
often. Respiration chambers are appropriate for small-scale investigations with a small number of animals and a
high demand for precision and accuracy. However, RCs are not comparable across sites because they are not
representative of all environmental variables, such as grazing systems. There are two major sources of measurement
error in RC: (1) airflow rate or ducting efficiency, and (2) gas mixing within the chamber. The response time reflects
both of these difficulties (Hammond et al., 2016). . A single chamber may record the CH, production of 120 cows
over a year, assuming a single day of acclimatization and two consecutive days of recording (Garnsworthy et al.,
2019). In actuality, as documented in the sole large-scale genetic investigation of CH. emissions of 1042 developing
Angus steers and heifers, this number is likely to be much lower (30 to 50 cows) per year (Donoghue et al., 2016a).
This herd of cattle demonstrated that CH, production is repeatable (t = 0.97) over days (Donoghue et al., 2016b),
heritable (h2 =0.27+ 0.07) (Donoghue et al., 2016a), and has a moderate genomic prediction accuracy of 0.32+ 0.04,
Hayes et al., 2016).

Sulfur Hexafluoride Technique

Sulfur hexafluoride (SF6) is non-toxic, physiologically inert, and long-lasting (Lester and Greenberg, 1950; Johnson
et al., 1992). Sulfur hexafluoride, like CH4, is capable of combining with rumen gas and is cheap to detect and
analyze. The SF6 approach is one instrument that allows for longer-term field measurements, although it needs
rumen boluses, daily animal handling, and laboratory gas analysis (McGinn et al., 2006). Furthermore, the sample
processes produce an average CH4 output for periods of generally 24 hours, but they can be repeated for up to 10
days, or until the rate of SF6 release from the permeation tube becomes unstable. While the reproducibility of daily
CH, output is improving as the technology is enhanced (Deighton et al., 2013), SF6 remains a difficult method for
obtaining precise emission measurements in individual animals over many days. The accuracy of the release rate
calculation is necessary to determine CHa, and tubes with high release rates represent higher CH4 emission
recordings, resulting in a high error rate (Storm et al., 2012).
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Sniffer Method

Around 2010, the sniffer method for determining CH4 concentrations (ppm) in individual cows was first detailed
(Madsen et al. 2010). The early sniffer devices were designed to automatically screen livestock without interrupting
animal behaviour or farm management. In contrast to other methods (Green Feed automated emissions monitoring
(GF) system 1,200 2,250 L/min, respiration chambers e.g. 3,000 L/min), this method does not use active airflow
and instead measures only gas concentrations in front of the cow's muzzle (in general with passive pumping of air
to the sensor at 14 L/min). As a result, the sniffer system captures a small percentage of gases, and readings are
impacted by external factors such as wind, breathing rate, and head movement. Researchers have explored using
recovery rates (Garnsworthy et al. 2012a) or anticipated CO, production (g/d; as a tracer gas) based on other animal
parameters such as weight, milk output, and feed intake to estimate CH,4 production (g/d) (Madsen et al. 2010). The
majority of studies have used a sniffer system in an AMS feed bin at both research and commercial farms
(Garnsworthy et al. 2012b; Lassen et al. 2012; Bell et al. 2014b; Difford et al. 2016, Bell et al. 20144a; Lassen et al.
2016; Pszczola et al. 2017; van Engelen et al. 2018). It works best when there is already equipment on the farm that
can identify animals, allowing the sniffer to be installed.

Green Feed Machine

It is a CH4 analyzer and automatic feeding system that helps to measure daily CH4 and CO; mass fluxes from
individual cow’s breath and eructation gas to rank them based on their daily measurements (Zimmerman et al.,
2011; Hristov et al., 2015). While the animal is eating, automatic feeding systems can read ear tags or collars and
record measurements for all cows. This approach can be used in traditional tie-stalls as well as for grazing animals
fed supplements through feeders. This system has a limitation in that it can only measure CH4 when the animal's
head is in the feeder (Storm et al., 2012).

Using Proxies and Prediction Equations for Measurement

Proxies, such as feed consumption, milk production and composition, and faeces, can also be used to estimate CHa.
There is growing interest in using proxies as indicators of CHa, such as milk fatty acid measurements, milk mid-
infrared (MIR) spectroscopy, and rumen metabolites (Dehareng et al., 2012; Vanlierde et al., 2015; Negussie et al.,
2017). Aside from these, prediction equations can also predict CH,. Blaxter and Clapperton (1965) proposed a
primary prediction for CH, measurement based on gross energy intake, apparent digestibility of dietary energy at
maintenance (percent), and level of energy intake relative to that required for maintenance. However, due to
significant changes in the genetic merit of the animals, which would necessitate new validation studies, this
prediction equation is no longer used. Other prediction equations are also available, with the most accurate ones
including dry matter intake, metabolizable energy intake, acid detergent fibre intake, and lignin intake (Pires
Sobrinho et al., 2019). To summarize, there are several methods for measuring CH., each with its own set of
advantages and disadvantages. As a result, before selecting an optimal method to use in future studies based on
experimental design and strategies, careful consideration is required. Similarly, when examining individual animal
CH. emissions, it is important to consider not only the amount of CH4 produced but also the amount of feed
consumed and milk/meat produced, as this can indicate animal efficiency.

Genetic Strategies to Reduce Methane Emission

Many methane emission reduction initiatives directly target methanogenic populations or methane itself.
Methanogenesis inhibitors and treatments that directly influence methanogens or methane removal by
methanotrophic bacteria are examples of these (Liu et al., 2017). Inhibitory substances, such as structural analogues
(Yu et al., 2000; Wagner et al., 2017; Duval et al., 2018) or algae supplementation (Burreson et al., 1976; Roque et
al., 1976; Machado et al., 2016), have been employed to block one or more enzymatic steps of the methanogenesis
pathway. However, due to adaptation and resistance mechanisms, the impact of these substances is generally
temporary (Knight et al., 2011; Ungerfeld et al., 2004). When it comes to methane mitigation techniques,
understanding heritability, repeatability, and correlation is crucial. Methane production in ruminants is heritable,
ranging from 0.12 to 0.52 (de Haas et al., 2011; Kandel et al., 2012; Pickering et al., 2015a; Brito et al., 2018),
indicating that selective breeding can make genetic progress. Reducing CH4 by improving the genetic merit of the
herd is a cost-effective strategy to reduce CH4, though measuring CH4 remains difficult under practical conditions
(de Haas et al., 2011, 2017). Based on these considerations, several mitigating measures are discussed below and
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represented in Figure 3, which shows various methane mitigation strategies.
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Figure 3: Shows various methane mitigation strategies

Breeding to Reduce CH4 Emissions from Livestock

Although measuring CH4 remains difficult under realistic conditions, reducing CH. by improving the genetic quality
of the herd is a cost-effective way to reduce CH, (de Haas et al., 2011, 2017). Genetic selection is a proven method
for achieving long-term and cumulative decreases in quantitative features such as intestinal CH4 emissions. A more
recent study on 530 cattle animals (Donoghue et al., 2013) and 1225 sheep (Pinares-Patio et al., 2011, Pinares-Patio
et al., 2013) supports the idea that CH, qualities are heritable and can be improved through direct selection. Using
the complete 24 h measurement, estimated heritability and repeatability of CH4 over days, rounds, and years were
0.29 0.05 and 0.13 0.03 for gross CH4 production (g/day) and MY (g /kg DMI), respectively (Pinares-Patio et al.,
2013). There were a lot of repeatabilities between days. The estimates of repeatability were lower across rounds and
years than for consecutive days, but they were generally steady. Estimation of phenotypic and genetic correlations
with some of the most important New Zealand production traits, including weaning weight at 3 months, live weight
at 8 months, fleece weight at 12 months (FW12), eye muscle depth, and dag score (accumulation of feces on the
perineum region) at 3 and 8 months of age, show that correlations with methane yield (MY) are low or close to zero,
except for FW12. The negative genetic and phenotypic associations of FW12 with MY (0.32, 0.11, and 0.08, 0.03,
respectively) suggest that selecting for increased hogget fleece weight will result in lower CH,  output in part.
Donoghue et al. (2013) found that the heritabilities of Australian Angus beef cattle were remarkably similar.
Heritability estimations for gross CH4 production (L/day) and MY (L/kg DMI) were 0.40, 0.11, and 0.19, 0.10,
respectively, based on 530 pedigreed cattle fed at a proportion of maintenance (1.2). Eye muscle area and gross CH4
output had genetic and phenotypic associations of 0.17, 0.29, and 0.01, 0.05, respectively. The genetic and
phenotypic correlations for MY (Methane yield) were respectively 0.02, 0.30 and 0.03, 0.05. It is important to
remember that phenotyping feed intake or DMI is difficult in commercial settings and is usually only done on
experimental farms. In the long run, it may be able to incorporate genetic information into breeding schemes to
estimate genomic breeding values (GEBVs) for CHa emissions (Meuwissen et al., 2013). To put GEBVs into
practice, a large reference population of animals with the CHs  phenotype accurately measured is required to
provide preliminary estimates of each genomic region's contribution to the expression of the phenotype under
investigation (Calus et al., 2013). Similarly, if directly detecting CHs on enough animals to form a reference
population is impractical, the selection of GEBVs for linked indicator features can be used. Finally, for the CH4
trait to be given the proper weighting in any breeding program, there must be an economic and/or societal incentive
to breed animals with the trait that is included in the selection aim.

Genomic Selection for Reduced Methane Emissions in Ruminant

Genomic selection has been used to select for difficult-to-measure traits like hoof lesions (Dhakal et al., 2015) and
fertility in Holstein cattle (Guarini et al., 2019), and mastitis in meat sheep (McLaren et al., 2018), and could be
used to reduce CH. emissions (Hayes et al., 2013). To be successful, genomic selection needs a large training
population (i.e., animals with both genotypic data and CH. measurements). Measuring methane from individual
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farm animals necessitates costly equipment and extensive animal handling. The only genomic selection appears to
be a viable option for selecting low methane-generating seed stock for the beef cattle and sheep industries (Hayes
et al., 2016). Selecting cows that emit less methane necessitates knowledge of the most physiologically relevant
methane emission phenotypes that are near the breeding aim and can be reached through genomic selection. Past
research on dairy cows has indicated that CH4 generation is heritable, allowing for mitigation measures based on
selective breeding. Genome-wide association studies (GWAS) is a supplemental method for discovering key
genomic areas and candidate genes linked to phenotypes of interest. For example, a GWAS for CH, yield and gross
CHy in sheep identified two significant markers containing the candidate genes Tetraspanin 14 (TSPAN14), (Jostins
etal., 2012), and Peroxisomal Biogenesis Factor 2 (PEX2) that have been significantly associated with inflammatory
bowel disease in human and this PEX2 is thought to be associated in lipid metabolism and fatty acid oxidation in
cattle (Rowe et al., 2014). According to Rowe et al. (2014), rumen fermentation involving fatty acid metabolism
and the complex microbial community of the human colon are both good physiological candidates for CH, yield.
As a result, information can be incorporated into genomic prediction approaches using systems biology and GWAS
to improve CH, selection strategies (Saleem et al., 2013; Ursell et al., 2014; Canovas, 2016). Manzanilla-Pech et
al., (2016) performed a genome-wide association study GWAS on direct measurements of CH, production in beef
cattle, with validation in dairy cattle. Pszczola et al. (2018) carried out the first two GWAS on direct measurements
of daily CH, production in dairy cattle (2018) and they used heritable variation to investigate the genetic architecture
of CH,4 production and discovered genomic regions affecting CH4 production. Potential QTL regions affecting CH,
production were discovered in traits related to feed efficiency, milk-related traits, health status and body size. Five
candidate genes were discovered to be involved in a variety of metabolic processes that are likely related to CH4
synthesis on CYP51A1, BTA 4, PPP1R16B on BTA 13, and NTHL1, TSC2, and PKD1 on BTA 25. One of the most
promising candidate genes was linked to digestive system development (PKD1). The findings imply that CH,4
synthesis is a polygenic trait. Sarghale (2020) discovered that SNPs in GWAS were related to QTLs for milk yield,
body weight, and RFI. For PME traits the existence of olfactory receptor activity genes was associated with feed
intake and preferences, as well as high correlations of these traits with PME traits and overlap of our identified
genomic regions with previously reported QTLs, which could confirm that these SNPs can be good candidates for
methane emission. Findings have shown that MAS and genomic selection may be useful in improving difficult-to-
measure traits like PME. Furthermore, using VFA indicators to forecast methane emissions could help expand the
size of the reference population needed for GWAS and genetic selection (Sarghale et al., 2020). Alemu et al. (2011)
found a substantial association between acetic and propionic acids (0.85). Based on the chromosome-wide
Bonferroni correction threshold, Shargale (2020) discovered two SNPs significantly linked with isovaleric acid
(BTAQ9 and 28) and 29 SNPs significantly connected with valeric acid (BTAS5, 11, and 25). Isoacids (e.g., 2-methyl
butyric, isobutyric, isovaleric acid, and straight-chain valeric acid) are primarily formed during the digestion in
ruminants by the degradation products of the amino acids’ valine, isoleucine, leucine, and proline (Andries et al.,
1987). Because of the small number of CH, records in genotyped animals, research into this phenotype has been
limited (de Haas et al., 2011, 2017; Hayes et al., 2013, Hayes et al., 2016, Rowe et al., 2014).

Defining phenotypes and biological indicators of CH4 poses a significant challenge. They must be independent of
other physiological and nutritional factors, easily measurable, and ideally obtained at a low cost for breeders (Rowe
et al., 2014). A moderate genetic correlation (0.72) has been found between residual feed intake (RFI) and predicted
CH4 emissions (PME) (de Haas et al., 2011). This underscores the importance of studying feed efficiency (FE)
alongside CHA4 traits. RFI heritability varies from low to moderate in beef (0.07 to 0.62) (Berry and Crowley, 2013)
and dairy cattle (0.04 to 0.36) (Jensen et al., 1995; Hurley et al., 2016). This presents an opportunity for genetic
enhancement in RFI in conjunction with CH4 reduction efforts (Berry and Crowley, 2013). Thus, the cows with
lower RFI have lower PME. Hence, it is possible to decrease the methane production of a cow by selecting more
efficient cows.

Meta-Genomics to Mitigate Methane Emissions in Ruminants

The use of metagenomic and metabolomic approaches to understand variation in microbial genomes and microbial
profiles has provided important insights into the contribution of rumen microbial structure and metabolite profiles,
as well as the regulation of complex phenotypes such as FE (Asselstine et al., 2021), CHa, and nitrogen retention
(Attwood et al., 2008; Bath et al., 2013; Artegoitia et al., 2017; Goldansaz et al., 2017; Meale et al., 2017).
Metagenomics enables the identification of the entire microbial community's makeup as well as the number of their
genes. It could be used to provide novel selection criteria for hard-to-measure features or to better understand the
relationship between host genetics, the microbiome, and the microbiome's activities. Rumen metagenomic profiling
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has been used in recent years to look for correlations between methane emission and microbial genes. It has
previously been hypothesised that archaeal abundance in ruminal digesta is genetically controlled and can be used
to genetically select animals without directly measuring methane. The host has an additive genetic influence on its
microbiome, and the ideal host can be chosen based on the abundance of a set of genes associated with the attribute
in the ruminal metagenome. Individual or collective gene abundances can now be used as proxies for methane
emissions in genetic screening studies. In 2018, the first research on potential connections between host-microbial
profiles and CH. was conducted in cattle using metagenomics to characterize microbiomes (Difford et al., 2018).
Metagenomics has since been used to investigate a variety of aspects of rumen microbiology, including methane
emissions in cattle (Wallace et al., 2015) and sheep (Shi et al., 2014), biomarkers to predict ruminal methanogenesis
(Auffret et al., 2017), the effect of feed-conversion-ratio, and breed and host genetics on the composition of the
rumen microbiome (Roehe et al., 2016). The rumen remains a valuable source of bioactive agents for the
biotechnology industry, and metagenomics is a key tool for bioprospecting (Oyama et al., 2017; Roumpeka et al.,
2017). Experiments in rodents reveal a genetically encoded host-driven modulation of the gut microbiota (Benson
et al., 2010; Nguyen et al., 2015). According to human research, the abundance of microbial taxa, particularly the
Christensenellaceae family, which create a co-occurrence network with other bacteria and methanogenic archaea
and affects metabolism, has a host genetic influence on the rumen microbiota (Goodrich et al., 2014). Using
metagenomics, Roehe (2016) discovered that the genes related to methanogenesis (e.g. mcrA and fmdB) were linked
to methane emissions, while host-microbiome cross-talk genes (e.g. Fucl and TSTA3) were linked to feed conversion
efficiency. They also discovered that based on methane production or relative archaeal richness the ranking of sire
progeny groups was consistent overall and within the diet. Lower emissions were related to higher Succino-
vibrionaceae abundance as well as alterations in acetate and hydrogen synthesis, resulting in reduced
methanogenesis, according to comparative metagenomics. The discovery that the metabolism of pyruvate and
acetate differs between low and high emitters, as well as the number of Succini-vibrionaceae, provide insight into
how metabolic pathways and the microbial community can be manipulated to reduce methane emissions and thus
the environmental footprint of ruminant livestock production (Wallace et al., 2015).

Microbial profiles, which are linked to methane emissions and feed consumption, are heritable (Rowe et al., 2020).
Seshadri et al. (2018) identified 410 cultured archaea and bacteria species, expanding our understanding of rumen
microbes. Studies are increasingly focusing on host-microbiome metagenomic sequencing and microbial genomic
sequencing of various sample types, including the rumen microbiome (Kim et al., 2017; Stewart et al., 2018;
Martinez-Alvaro et al., 2020).

For instance, Xue et al. (2020) found that high milk protein cows have a lower relative abundance of organisms
with methanogen and methanogenesis functions in their rumen microbiome, suggesting reduced CH4 production.
A recent study across Europe identified 39 heritable microorganisms, seven of which were strongly associated with
methane production, including members from different genera and orders along with protozoal species.

Exploring the biological nature of these heritability associations to host genetics and methane emissions is of great
interest. These heritable microorganisms appear more interconnected in interaction networks, indicating a potential
pleiotropic effect on microbiome composition that could lower methane emissions if manipulated through breeding
programs. Bacteria and archaea collectively contribute to 13% of CH4 production, while host genetics (heritability)
account for 21%, largely independently. Given the independence of cow genetic effects on the rumen microbiome
from CH4 emission variation, breeding low methane-emitting cows and researching strategies to combat rumen
microbiome changes are viable approaches to reducing CH4 emissions in the livestock industry (Difford et al.,
2018).

To improve production efficiency, genomic information from integrative "-omics" data and systems biology
analysis on desirable traits can be incorporated into breeding strategies (Canovas, 2016; Suravajhala et al., 2016;
Fleming et al., 2018). Integrated "omics" data and systems biology information can then be disseminated and applied
to industry to reveal more biological and genetic information to improve understanding of complex and difficult-to-
measure performance traits. This will result in improved selection accuracy, a shorter generation interval, and a
faster rate of genetic improvement of difficult-to-measure traits (Canovas, 2016; Suravajhala et al., 2016). Overall,
this could lead to increased ruminant production industry competitiveness by improving economically and
environmentally important traits like CHa4 using integrated "-omics" technologies and a systems biology approach.
Integrative approaches are currently being used to uncover information associated with different levels of omics,
and more research into multi-level analysis, such as integrating the genome, transcriptome, and metabolome, is
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required. Because the genome and transcriptome directly affect metabolite levels resulting in changes to metabolite
profiles, evaluating these levels as a system is critical, as specific metabolites are greatly affected by specific genetic
features, and approaches to connect genomics with metabolomics are emerging. The metabolite genome-wide
association study (mMGWAS) uses GWAS to identify QTLs and significant SNPs associated with a metabolite are
included under integrative analysis. This enables the discovery of SNP-Metabolite trait associations, also known as
mQTL (Wang and Kadarmideen, 2020). Table 2, is showing the various methane reduction strategies with their
advantages and limitations.

Table 2: Various strategies with their advantages and limitations

Strategy Advantages Limitations References
Animal breeding for | A cost-effective strategy | Need robust ways of measuring CHs in | Pickering et al.
low-CHy production | to decrease CHy large numbers of individual animals. (2015b);

produces permanent Relationships between CH,4 production | Lgvendahl et al.
changes and economically important traits are (2018)

unknown. Need to know the long-term
persistency of different diets and their
effects on animal health

The existence of genotype x
environment interactions need to be

Basarab et al.,
(2013); Kenny et

Animal breeding for
feed efficiency and

Changes produced are
permanent and

residual feed intake cumulative determined. Relationship to al., (2018)
productivity-related traits at pasture
unknown. Lack of information on the
biological regulation of the trait
Genomic selection Can select for difficult- | Genomic selection requires a sizeable deHaas et al.,
for reduced methane | to-measure traits training population (i.e., animals that (2011); de Haas
emissions in have both genotypic data and etal., (2017)
ruminants measurements for CH4) to be
successfully implemented, which trait to
select
Metagenomics Provide insight into the | lack of sequence and culture Roehe et al.,
associations between the | information on specific rumen microbes | (2016)

host-microbiome for reference databases
interactions and host
production efficiency,
overall health, and

nutrient metabolism.

Machine Learning

In addition to the approaches described above, machine learning algorithms have been used for clustering analysis.
This includes multivariate analyses like Random Forest, a supervised machine learning algorithm that works in
conjunction with decision trees to classify specific features (i.e., clustering multiple metabolites based on
commonalities). Melzer et al. (2013) used Random Forest and Partial Least Squares (PLS) to find correlations
between milk characteristics and metabolite profiles. Genetic correlations of metabolite profiles with traits such as
CH. emissions can be performed to further integrate this approach with other -omics data. Other machine learning
approaches, such as penalized regression, support vector machine, Random Forest, and artificial neural networks,
have been used in studies aimed at identifying relationships between the microbiome and host phenotypes to
integrate rumen microbiome features (Namkung, 2020). Even though these analyses are already used in human
studies, there is a lack of studies that use these approaches to first integrate -omics levels in livestock research, and
then to use the latter to better understand CH. emissions at a system level.

Conclusion

There is great potential for genetic selection to reduce methane emissions from ruminants sustainably and efficiently,
providing a long-term solution to the environmental issues related to livestock production.
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The development of cost-effective methods to reduce CH4 emissions has risen to the top of the global priority list,
and this can be accomplished by improving breeding strategies for more economically and environmentally efficient
animals. Most current strategies are also clearly better suited to intensive animal production systems, with far fewer
available for mixed crop-livestock feeding systems. The CH4 mitigation strategy should be cost-effective while also
addressing socioeconomic issues in Indian feeding and management conditions, where most farmers use traditional
feeding practices with locally available feed resources. Dietary management protocols combined with breeding
programmes- genetic as well as genomic selection may be more effective to achieving lifelong success since both
are heritable and repeatable.

Large-scale phenotyping initiatives combined with the adoption of genomic selection tools and technology can
quicken the genetic progress toward low-emission ruminant production, increasing the effectiveness and efficiency
of breeding programs.

Genetic strategies for methane mitigation should be complemented with other management practices, including
dietary interventions, improved feeding regimes, and enhanced animal husbandry practices, to achieve synergistic
effects and maximize methane reduction potential.

More research is required to develop strategies for CH4 mitigation as well as improved animal performance, which
should include a mitigation strategy for extensive and zero grazing systems integrated with genetic and genomic
selection to target the reduction of enteric CH4 emissions feasible.

Genetic techniques provide a possible route to achieve considerable reductions in methane emissions from ruminant
production systems, supporting global efforts to mitigate climate change and promote environmental sustainability
by combining the most recent scientific discoveries and insights.

Contribution by Authors

Equal contribution. All authors declared that ‘written informed’ consent was obtained from the approved parties for
the publication of this article and accompanying images.

Conflict of Interests

There is no conflict of interest.

Publisher Disclaimer

IJLR remains neutral concerning jurisdictional claims in published institutional affiliation.
References

1. Alemu, A. W, Dijkstra, J., Bannink, A., France, J., & Kebreab, E. (2011). Rumen stoichiometric models and
their contribution and challenges in predicting enteric methane production. Animal Feed Science and
Technology, 166-167, 761-778. https://doi.org/10.1016/j.anifeedsci.2011.04.054

2. Andries, J., Buysse, F., Brabander, D., & Cottyn, D. (1987). Isoacids in ruminant nutrition: their role in
ruminal and intermediary metabolism and possible influences on performances-a review. Anim Feed Sci
Technol, 18, 169-180.

3. Archer, D. B., & Harris, J. E. (1986). Methanogenic bacteria and methane production in various habitats. In
Society for Applied Bacteriology symposium series (Vol. 13, pp. 185-223).

4. Arora, N. K., Fatima, T., Mishra, ., Verma, M., Mishra, J., & Mishra, V. (2018). Environmental sustainability:
challenges and viable solutions. Environmental Sustainability, 1(4), 309-340. https://doi.org/10.1007/s42398-
018-00038-w

5. Artegoitia, V. M., Foote, A. P., Lewis, R. M., & Freetly, H. C. (2017). Rumen fluid metabolomics analysis
associated with feed efficiency on crossbred steers. Scientific Reports, 7(1). https://doi.org/10.1038/s41598-
017-02856-0

6. Asselstine, V., Lam, S., Miglior, F., Brito, L. F., Sweett, H., Guan, L., Waters, S. M., Plastow, G., & Canovas,
A. (2021). The potential for mitigation of methane emissions in ruminants through the application of

International Journal of Livestock Research 23



International Journal of Livestock Research, 14 (5), 13-30 NAAS Score - 4.31

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

metagenomics, metabolomics, and other -OMICS technologies. Journal of Animal Science, 99(10).
https://doi.org/10.1093/jas/skab193

Attwood, G. T., Kelly, W. J., Altermann, E. H., Moon, C. D., Leahy, S., & Cookson, A. L. (2008). Application
of rumen microbial genome information to livestock systems in the postgenomic era. Australian Journal of
Experimental Agriculture, 48(7), 695. https://doi.org/10.1071/ea07408

Auffret, M. D., Dewhurst, R. J., Duthie, C. A., Rooke, J. A., John Wallace, R., Freeman, T. C,, ... & Roehe,
R. (2017). The rumen microbiome as a reservoir of antimicrobial resistance and pathogenicity genes is directly
affected by diet in beef cattle. Microbiome, 5, 1-11.

Basarab, J. A., Beauchemin, K. A., Baron, V. S., Ominski, K. H., Guan, L. L., Miller, S. P., & Crowley, J. J.
(2013). Reducing GHG emissions through genetic improvement for feed efficiency: effects on economically
important traits and enteric methane production. Animal, 7(s2), 303-315.

Bath, C., Morrison, M., Ross, E. M., Hayes, B. J., & Cocks, B. G. (2013). The symbiotic rumen microbiome
and cattle performance: a brief review. Animal Production Science, 53(9), 876.
https://doi.org/10.1071/an12369

Beauchemin, K. A., Mcallister, T. A., & Mcginn, S. M. (2009). Dietary mitigation of enteric methane from
cattle. CAB Reviews: Perspectives in Agriculture, Veterinary Science. Nutrition and Natural Resources, 035.
Beauchemin, K. A., Ungerfeld, E. M., Eckard, R. J., & Wang, M. (2020). Review: Fifty years of research on
rumen methanogenesis: lessons learned and future challenges for mitigation. Animal: An International Journal
of Animal Bioscience, 14, s2—s16. https://doi.org/10.1017/s1751731119003100

Bell, M. J., Potterton, S. L., Craigon, J., Saunders, N., Wilcox, R. H., Hunter, M., Goodman, J. R., &
Garnsworthy, P. C. (2014a). Variation in enteric methane emissions among cows on commercial dairy farms.
Animal: An International Journal of Animal Bioscience, 8(9), 1540-1546.
https://doi.org/10.1017/s1751731114001530

Bell, M. J., Saunders, N., Wilcox, R. H., Homer, E. M., Goodman, J. R., Craigon, J., & Garnsworthy, P. C.
(2014b). Methane emissions among individual dairy cows during milking quantified by eructation peaks or
ratio with carbon dioxide. Journal of Dairy Science, 97(10), 6536-6546. https://doi.org/10.3168/jds.2013-
7889

Benson, A. K., Kelly, S. A, Legge, R, Ma, F., Low, S. J,, Kim, J., Zhang, M., Oh, P. L., Nehrenberg, D.,
Hua, K., Kachman, S. D., Moriyama, E. N., Walter, J., Peterson, D. A., & Pomp, D. (2010). Individuality in
gut microbiota composition is a complex polygenic trait shaped by multiple environmental and host genetic
factors. Proceedings of the National Academy of Sciences of the United States of America, 107(44), 18933—
18938. https://doi.org/10.1073/pnas.1007028107

Berry, D. P., & Crowley, J. J. (2013). CELL BIOLOGY SYMPOSIUM: Genetics of feed efficiency in dairy
and beef cattlel. Journal of Animal Science, 91(4), 1594-1613. https://doi.org/10.2527/jas.2012-5862
Blaxter, K. L., & Clapperton, J. L. (1965). Prediction of the amount of methane produced by ruminants. The
British Journal of Nutrition, 19(1), 511-522. https://doi.org/10.1079/bjn19650046

Brito, L. F., Schenkel, F. S., Oliveira, H. R., Canovas, A., & Miglior, F. (2018). Meta-analysis of heritability
estimates for methane emission indicator traits in cattle and sheep. In Proceeding of the 2018 World Congress
on Genetics Applied to Livestock Production (WCGALP).

Burreson, B. J., Moore, R. E., & Roller, P. P. (1976). Volatile halogen compounds in the alga Asparagopsis
taxiformis (Rhodophyta). Journal of Agricultural and Food Chemistry, 24(4), 856-861.
https://doi.org/10.1021/jf60206a040

Calus, M. P. L., De Haas, Y., Pszczola, M., & Veerkamp, R. F. (2013). Predicted accuracy of and response to
genomic selection for new traits in dairy cattle. Animal, 7(2), 183-191.

Cénovas, A. (2016). Looking ahead: Applying new genomic technologies to accelerate genetic improvement
in beef cattle. CEIBA, 54(1), 41-49. https://doi.org/10.5377/ceiba.v54i1.2776

Clauss, M., Dittmann, M. T., Vendl, C., Hagen, K. B, Frei, S., Ortmann, S., Miller, D. W. H., Hammer, S.,
Munn, A. J., Schwarm, A., & Kreuzer, M. (2020). Review: Comparative methane production in mammalian
herbivores. Animal: An International Journal of Animal Bioscience, 14, s113-s123.
https://doi.org/10.1017/s1751731119003161

de Haas, Y., Pszczola, M., Soyeurt, H., Wall, E., & Lassen, J. (2017). Invited review: Phenotypes to
genetically reduce greenhouse gas emissions in dairying. Journal of Dairy Science, 100(2), 855-870.
https://doi.org/10.3168/jds.2016-11246

de Haas, Y., Windig, J. J., Calus, M. P. L., Dijkstra, J., de Haan, M., Bannink, A., & Veerkamp, R. F. (2011).
Genetic parameters for predicted methane production and potential for reducing enteric emissions through
genomic selection. Journal of Dairy Science, 94(12), 6122—-6134. https://doi.org/10.3168/jds.2011-4439

24

International Journal of Livestock Research



Panwar et al., 2024

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

Dehareng, F., Delfosse, C., Froidmont, E., Soyeurt, H., Martin, C., Gengler, N., Vanlierde, A., & Dardenne,
P. (2012). Potential use of milk mid-infrared spectra to predict individual methane emission of dairy cows.
Animal: An International Journal of Animal Bioscience, 6(10), 1694-1701.
https://doi.org/10.1017/s1751731112000456

Deighton, M. H., O’Loughlin, B. M., Williams, S. R. O., Moate, P. J., Kennedy, E., Boland, T. M., & Eckard,
R. J. (2013). Declining sulphur hexafluoride permeability of polytetrafluoroethylene membranes causes
overestimation of calculated ruminant methane emissions using the tracer technique. Animal Feed Science
and Technology, 183(3-4), 86-95.

Dhakal, K., Tiezzi, F., Clay, J. S., & Maltecca, C. (2015). Short communication: Genomic selection for hoof
lesions in firstparity US Holsteins. J. Dairy Sci, 98, 3502—-3503.

Difford, G. F., Lassen, J., & Lgvendahl, P. (2016). Interchangeability between methane measurements in dairy
cows assessed by comparing precision and agreement of two non-invasive infrared methods. Computers and
Electronics in Agriculture, 124, 220-226. https://doi.org/10.1016/j.compag.2016.04.010

Difford, Gareth Frank, Plichta, D. R., Lgvendahl, P., Lassen, J., Noel, S. J., Hgjberg, O., Wright, A.-D. G,
Zhu, Z., Kristensen, L., Nielsen, H. B., Guldbrandtsen, B., & Sahana, G. (2018). Host genetics and the rumen
microbiome jointly associate with methane emissions in dairy cows. PLoS Genetics, 14(10), e1007580.
https://doi.org/10.1371/journal.pgen.1007580

Donoghue, K. A., Bird-Gardiner, T., Arthur, P. F., Herd, R. M., & Hegarty, R. F. (2016a). Genetic and
phenotypic variance and covariance components for methane emission and postweaning traits in Angus cattle.
Journal of Animal Science, 94(4), 1438-1445.

Donoghue, K. A., Bird-Gardiner, T., Arthur, P. F., Herd, R. M., & Hegarty, R. S. (2016b). Repeatability of
methane emission measurements in Australian beef cattle. Animal Production Science, 56(3), 213-217.
Donoghue, K. A., Herd, R. M., Bird, S. H., Arthur, P. F., & Hegarty, R. F. (2013). Preliminary genetic
parameters for methane production in Australian beef cattle. In Proc. Assoc. Advmt. Anim. Breed. Genet
(Vol. 20, pp. 290-293).

Duval, S., & Kindermann, M. (2018). Use of nitrooxy organic molecules in feed for reducing enteric methnae
emsions in ruminants, and/or to improve ruminant performance. U.S. Patent No. 9,902,685. Washington, DC:
U.S. Patent and Trademark Office.

Eckard, R. J., & Clark, H. (2018). Potential solutions to the major greenhouse-gas issues facing Australasian
dairy farming. Animal Production Science, 60(1), 10-16.

FAOQ. Five Practical Actions towards Low-Carbon Livestock; Animal Production and Health Division: Rome,
Italy, 2019.

Fleming, A., Abdalla, E. A., Maltecca, C., & Baes, C. F. (2018). Invited review: Reproductive and genomic
technologies to optimize breeding strategies for genetic progress in dairy cattle. Archives Animal Breeding,
61(1), 43-57.

20th Livestock Census. Vikaspedia.In. Retrieved May 8, 2024. https://vikaspedia.in/agriculture/agri-
directory/reports-and-policy-briefs/20th-livestock-census

Garnsworthy, P. C., Craigon, J., Hernandez-Medrano, J. H., & Saunders, N. (2012a). Variation among
individual dairy cows in methane measurements made on farm during milking. Journal of dairy science, 95(6),
3181-3189.

Garnsworthy, P. C., Craigon, J., Hernandez-Medrano, J. H., & Saunders, N. (2012b). On-farm methane
measurements during milking correlate with total methane production by individual dairy cows. Journal of
Dairy Science, 95(6), 3166-3180. https://doi.org/10.3168/jds.2011-4605

Garnsworthy, P. C., Difford, G. F., Bell, M. J., Bayat, A. R., Huhtanen, P., Kuhla, B., ... & Yan, T. (2019).
Comparison of methods to measure methane for use in genetic evaluation of dairy cattle. Animals, 9(10), 837.
Gerber, P. J., Steinfeld, H., Henderson, B., Mottet, A., Opio, C., Dijkman, J., Falcucci, A., & Tempio, G.
(2013). Tackling Climate Change through Livestock-A Global Assessment of Emissions and Mitigation
Opportunities. Food and Agriculture Organization of the United Nations.

Godfray, H. C. J., Beddington, J. R., Crute, I. R., Haddad, L., Lawrence, D., Muir, J. F., Pretty, J., Robinson,
S., Thomas, S. M., & Toulmin, C. (2010). Food security: The challenge of feeding 9 billion people. Science
(New York, N.Y.), 327(5967), 812-818. https://doi.org/10.1126/science.1185383

Goldansaz, S. A., Guo, A. C., Sajed, T., Steele, M. A,, Plastow, G. S., & Wishart, D. S. (2017). Livestock
metabolomics and the livestock metabolome: A systematic review. PloS One, 12(5), e0177675.
https://doi.org/10.1371/journal.pone.0177675

Goodrich, J. K., Waters, J. L., Poole, A. C., Sutter, J. L., Koren, O., Blekhman, R., ... & Ley, R. E. (2014).

International Journal of Livestock Research 25


https://vikaspedia.in/agriculture/agri-directory/reports-and-policy-briefs/20th-livestock-census
https://vikaspedia.in/agriculture/agri-directory/reports-and-policy-briefs/20th-livestock-census

International Journal of Livestock Research, 14 (5), 13-30 NAAS Score - 4.31

45,

46.

47,

48.

49.

50.

51.

52.

53.

54,

55.

56.

57.

58.

59.

60.

61.

62.

63.

Human genetics shape the gut microbiome. Cell, 159(4), 789-799.

Guarini, A. R., Lourenco, D. A. L., Brito, L. F., Sargolzaei, M., Baes, C. F., Miglior, F., Misztal, I., &
Schenkel, F. S. (2019). Genetics and genomics of reproductive disorders in Canadian Holstein cattle. Journal
of Dairy Science, 102(2), 1341-1353. https://doi.org/10.3168/jds.2018-15038

Hammond, K. J., Crompton, L. A., Bannink, A., Dijkstra, J., Yafiez-Ruiz, D. R., O’Kiely, P., ... & Reynolds,
C. K. (2016). Review of current in vivo measurement techniques for quantifying enteric methane emission
from ruminants. Animal Feed Science and Technology, 219, 13-30.

Hayes, B. J., Donoghue, K. A., Reich, C. M., Mason, B. A., Bird-Gardiner, T., Herd, R. M., & Arthur, P. F.
(2016). Genomic heritabilities and genomic estimated breeding values for methane traits in Angus cattlel.
Journal of Animal Science, 94(3), 902—908. https://doi.org/10.2527/jas.2015-0078

Hayes, Ben J., Lewin, H. A., & Goddard, M. E. (2013). The future of livestock breeding: genomic selection
for efficiency, reduced emissions intensity, and adaptation. Trends in Genetics: TIG, 29(4), 206-214.
https://doi.org/10.1016/j.tig.2012.11.009

Henderson, G., Cook, G. M., & Ronimus, R. S. (2018). Enzyme- and gene-based approaches for developing
methanogen-specific compounds to control ruminant methane emissions: a review. Animal Production
Science, 58(6), 1017. https://doi.org/10.1071/an15757

Henderson, G., Cox, F., Ganesh, S., Jonker, A., Young, W., Abecia, L., Angarita, E., Aravena, P., Nora
Arenas, G., Ariza, C., Attwood, G. T., Mauricio Avila, J., Avila-Stagno, J., Bannink, A., Barahona, R.,
Batistotti, M., Bertelsen, M. F., Brown-Kav, A., Carvajal, A. M., ... Global Rumen Census Collaborators.
(2015). Rumen microbial community composition varies with diet and host, but a core microbiome is found
across a wide geographical range. Scientific Reports, 5(1). https://doi.org/10.1038/srep14567

Hobson, P. N., & Stewart, C. S. (1997). The rumen microbial ecosystem. 2nd editionLondon. UK: Blackie
Academic and Professional.

Hook, S. E., Wright, A.-D. G., & McBride, B. W. (2010). Methanogens: Methane producers of the Rumen
and mitigation strategies. Archaea (Vancouver, B.C.), 2010, 1-11. https://doi.org/10.1155/2010/945785
Hristov, A. N., Oh, J,, Lee, C., Meinen, R., Montes, F., Ott, T., Firkins, J., Rotz, A., Dell, C., Adesogan, A.,
Yang, W., Tricarico, J., Kebreab, E., Waghorn, G., Dijkstra, J., & Oosting, S. (2013). Mitigation of greenhouse
gas emissions in livestock production: a review of technical options for non-CO2 emissions. Animal
Production and Health Paper,177, 1-226.

Hristov, Alexander N., Oh, J., Giallongo, F., Frederick, T., Weeks, H., Zimmerman, P. R., Harper, M. T.,
Hristova, R. A., Zimmerman, R. S., & Branco, A. F. (2015). The use of an automated system (GreenFeed) to
monitor Enteric methane and carbon dioxide emissions from ruminant animals. Journal of Visualized
Experiments: JoVE, 103. https://doi.org/10.3791/52904

Hungate, R. E., Smith, W., Bauchop, T., Yu, I., & Rabinowitz, J. C. (1970). Formate as an intermediate in the
bovine Rumen fermentation. Journal of Bacteriology, 102(2), 389-397. https://doi.org/10.1128/jb.102.2.389-
397.1970

Hurley, A. M., Lopez-Villalobos, N., Mcparland, S., Kennedy, E., Lewis, E., Odonovan, M., Burke, J. L., &
Berry, D. P. (2016). Interrelationships among alternative definitions of feed efficiency in grazing lactating
dairy cows. J. Dairy Sci, 99, 468-479.

Jensen, J., Hohenboken, W. D., Madsen, P., & Andersen, B. B. (1995). Sire x nutrition interactions and genetic
parameters for energy intake, production and efficiency of nutrient utilization in young bulls, heifers and
lactating cows. Acta Agriculturae Scandinavica. Section A, Animal Science, 45(2), 81-91.
https://doi.org/10.1080/09064 709509415835

Johnson, K. A., Huyler, M., Pierce, C. S., Westberg, H., Lamb, B., & Zimmerman, P. (1992). The use of SF6
as an inert gas tracer for use in methane measurements. J. Anim. Sci, 70(Suppl. 1), 302.

Johnson, K. A., & Johnson, D. E. (1995). Methane emissions from cattle. Journal of Animal Science, 73(8),
2483-2492. https://doi.org/10.2527/1995.7382483x

Jostins, L., Ripke, S., Weersma, R. K., Duerr, R. H., McGovern, D. P, Hui, K. Y., ... & Cho, J. H. (2012).
Host—microbe interactions have shaped the genetic architecture of inflammatory bowel disease. Nature,
491(7422), 119-124.

Kandel, P. B., Soyeurt, H., & Gengler, N. (2012). Estimation of genetic parameters for methane indicator
traits based on milk fatty acids in dual purpose Belgian Blue cattle. Communications in Agricultural and
Applied Biological Sciences, 77(1), 21-25.

Kenny, D. A., Fitzsimons, C., Waters, S. M., & McGee, M. (2018). Invited review: Improving feed efficiency
of beef cattle—the current state of the art and future challenges. Animal, 12(9), 1815-1826.

Kim, M., Park, T., & Yu, Z. (2017). — Invited Review — Metagenomic investigation of gastrointestinal

26

International Journal of Livestock Research



Panwar et al., 2024

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

microbiome in cattle. Asian-Australasian Journal of Animal Sciences, 30(11), 1515-1528.
https://doi.org/10.5713/ajas.17.0544.

Kingston-Smith, A. H., Edwards, J. E., Huws, S. A., Kim, E. J., & Abberton, M. (2010). Plant-based strategies
towards minimising ‘livestock's long shadow’. Proceedings of the Nutrition Society, 69(4), 613-620.

Knight, T., Ronimus, R. S., Dey, D., Tootill, C., Naylor, G., Evans, P., Molano, G., Smith, A., Tavendale, M.,
Pinares-Patifio, C. S., & Clark, H. (2011). Chloroform decreases rumen methanogenesis and methanogen
populations without altering rumen function in cattle. Animal Feed Science and Technology, 166-167, 101
112. https://doi.org/10.1016/j.anifeedsci.2011.04.059

Lassen, J. and Difford, G.F., 2020. Review: Genetic and genomic selection as a methane mitigation strategy
in dairy cattle. Animal 14: s473-s483.

Lassen, J., Lgvendahl, P., & Madsen, J. (2012). Accuracy of noninvasive breath methane measurements using
Fourier transform infrared methods on individual cows. Journal of Dairy Science, 95(2), 890-898.

Lassen, J., Poulsen, N. A., Larsen, M. K., & Buitenhuis, A. J. (2016). Genetic and genomic relationship
between methane production measured in breath and fatty acid content in milk samples from Danish Holsteins.
Animal Production Science, 56(3), 298-303.

Leahy, S. C., Kelly, W. J., Ronimus, R. S., Wedlock, N., Altermann, E., & Attwood, G. T. (2013). Genome
sequencing of rumen bacteria and archaea and its application to methane mitigation strategies. Animal, 7(s2),
235-243.

Lester, D., & Greenberg, L. A. (1950). The toxicity of sulfur hexafluoride. Archives of Industrial Hygiene
and Occupational Medicine, 2(3), 348-349.

Liu, L., Xu, X,, Cao, Y., Cai, C., Cui, H., & Yao, J. (2017). Nitrate decreases methane production also by
increasing methane oxidation through stimulating NC10 population in ruminal culture. AMB Express, 7(1).
https://doi.org/10.1186/s13568-017-0377-2.

Legvendahl, P., Difford, G. F., Li, B., Chagunda, M. G. G., Huhtanen, P., Lidauer, M. H., ... & Lund, P. (2018).
Selecting for improved feed efficiency and reduced methane emissions in dairy cattle. Animal, 12(s2), s336-
$349.

Machado, L., Magnusson, M., Paul, N. A., Kinley, R., de Nys, R., & Tomkins, N. (2016). Identification of
bioactives from the red seaweed Asparagopsis taxiformis that promote antimethanogenic activity in vitro.
Journal of Applied Phycology, 28(5), 3117-3126. https://doi.org/10.1007/s10811-016-0830-7

Madsen, J., Bjerg, B. S., Hvelplund, T., Weisbjerg, M. R., & Lund, P. (2010). Methane and carbon dioxide
ratio in excreted air for quantification of the methane production from ruminants. Livestock Science, 129(1-
3), 223-227. https://doi.org/10.1016/j.livsci.2010.01.001

Manabe, S. (2019). Role of greenhouse gas in climate change. Tellus A: Dynamic Meteorology and
Oceanography, 71(1), 1620078.

Manzanilla-Pech, C. I. V., De Haas, Y., Hayes, B. J., Veerkamp, R. F., Khansefid, M., Donoghue, K. A.,
Arthur, P. F., & Pryce, J. E. (2016). Genomewide association study of methane emissions in Angus beef cattle
with  validation in  dairy cattlel. Journal of Animal Science, 94(10), 4151-4166.
https://doi.org/10.2527/jas.2016-0431

Martin, C., Morgavi, D. P., & Doreau, M. (2010). Methane mitigation in ruminants: from microbe to the farm
scale.  Animal:  An International ~ Journal ~ of  Animal Bioscience, 4(3),  351-365.
https://doi.org/10.1017/s1751731109990620

Martinez-Alvaro, M., Auffret, M. D., Stewart, R. D., Dewhurst, R. J., Duthie, C.-A., Rooke, J. A., Wallace,
R. J., Shih, B., Freeman, T. C., Watson, M., & Roehe, R. (2020). Identification of complex Rumen
microbiome interaction within diverse functional niches as mechanisms affecting the variation of methane
emissions in bovine. Frontiers in Microbiology, 11. https://doi.org/10.3389/fmicb.2020.00659.

McGinn, S. M., Beauchemin, K. A., Iwaasa, A. D., & McAllister, T. A. (2006). Assessment of the sulfur
hexafluoride (SF6) tracer technique for measuring enteric methane emissions from cattle. Journal of
environmental quality, 35(5), 1686-1691.

McLaren, A., Kaseja, K., Yates, J., Mucha, S., Lambe, N. R., & Conington, J. (2018). New mastitis
phenotypes suitable for genomic selection in meat sheep and their genetic relationships with udder
conformation and lamb live weights. Animal, 12(12), 2470-2479.

Meale, S. J., Morgavi, D. P., Cassar-Malek, I., Andueza, D., Ortigues-Marty, 1., Robins, R. J., Schiphorst, A.-
M., Laverroux, S., Graulet, B., Boudra, H., & Cantalapiedra-Hijar, G. (2017). Exploration of biological
markers of feed efficiency in young bulls. Journal of Agricultural and Food Chemistry, 65(45), 9817-9827.
https://doi.org/10.1021/acs.jafc.7b03503

Melzer, N., Wittenburg, D., Hartwig, S., Jakubowski, S., Kesting, U., Willmitzer, L., ... & Repsilber, D.

International Journal of Livestock Research 27


https://doi.org/10.5713/ajas.17.0544
https://doi.org/10.1186/s13568-017-0377-2
https://doi.org/10.3389/fmicb.2020.00659

International Journal of Livestock Research, 14 (5), 13-30 NAAS Score - 4.31

(2013). Investigating associations between milk metabolite profiles and milk traits of Holstein cows. Journal
of dairy science, 96(3), 1521-1534.

83. Meuwissen, T., Hayes, B., & Goddard, M. (2013). Accelerating improvement of livestock with genomic
selection. Annu. Rev. Anim. Biosci., 1(1), 221-237.

84. Mizrahi, 1. (2013). Rumen symbioses. In The prokaryotes: Prokaryotic biology and symbiotic associations
(pp. 533-544). Springer-Verlag Berlin Heidelberg.

85. Morgavi, D. P., Forano, E., Martin, C., & Newbold, C. J. (2010). Microbial ecosystem and methanogenesis
in ruminants. Animal: An International Journal of Animal Bioscience, 4(7), 1024-1036.
https://doi.org/10.1017/s1751731110000546

86. Murray, R. M., Bryant, A. M., & Leng, R. A. (1976). Rates of production of methane in the rumen and large
intestine of sheep. The British Journal of Nutrition, 36(1), 1-14. https://doi.org/10.1079/bjn19760053

87. Namkung, J. (2020). Machine learning methods for microbiome studies. Journal of Microbiology, 58(3), 206-
216.

88. Negussie, E., de Haas, Y., Dehareng, F., Dewhurst, R. J., Dijkstra, J., Gengler, N., Morgavi, D. P., Soyeurt,
H., van Gastelen, S., Yan, T., & Biscarini, F. (2017). Invited review: Large-scale indirect measurements for
enteric methane emissions in dairy cattle: A review of proxies and their potential for use in management and
breeding decisions. Journal of Dairy Science, 100(4), 2433-2453. https://doi.org/10.3168/jds.2016-12030

89. Nguyen, T., Vieira-Silva, S., Liston, A., Raes, J., Goodrich, J. K., Waters, J. L., Poole, A. C., Sutter, J. L.,
Koren, O., & Blekhman, R. (2014). How informative is the mouse for humanDOIt microbioDMMresearch?
Dis Model Mech. Dis Model Mech. Dis Model Mech, 8, 789—799.

90. Oyama, L. B., Girdwood, S. E., Cookson, A. R., Fernandez-Fuentes, N., Privé, F., Vallin, H. E., ... & Huws,
S. A. (2017). The rumen microbiome: an underexplored resource for novel antimicrobial discovery. npj
Biofilms and Microbiomes, 3(1), 33.

91. Pachauri, R. K., Allen, M. R., Barros, V. R., Broome, J., Cramer, W., Christ, R., Church, J. A., Clarke, L.,
Dahe, Q., & Dasgupta, P. (2014). Synthesis Report. Contribution of Working Groups I.

92. Palangi, V., & Lackner, M. (2022). Management of enteric methane emissions in ruminants using feed
additives: A review. Animals, 12(24), 3452.

93. Patra, A. K. (2014). Trends and projected estimates of GHG emissions from Indian livestock in comparisons
with GHG emissions from world and developing countries. Asian-Australasian Journal of Animal Sciences,
27(4), 592-599. https://doi.org/10.5713/ajas.2013.13342

94. Patterson, J. A., & Hespell, R. B. (1979). Trimethylamine and methylamine as growth substrates for rumen
bacteria and Methanosarcina barkeri. Current Microbiology, 3(2), 79-83.

95. Pereira, F. C., & Berry, D. (2017). Microbial nutrient niches in the gut. Environmental microbiology, 19(4),
1366-1378.

96. Pickering, N. K., Chagunda, M. G. G., Banos, G., Mrode, R., McEwan, J. C., & Wall, E. (2015a). Genetic
parameters for predicted methane production and laser methane detector measurementsl. Journal of Animal
Science, 93(1), 11-20. https://doi.org/10.2527/jas.2014-8302

97. Pickering, N. K., Oddy, V. H., Basarab, J., Cammack, K., Hayes, B., Hegarty, R. S., Lassen, J., McEwan, J.
C., Miller, S., Pinares-Patifio, C. S., & de Haas, Y. (2015b). Animal board invited review: genetic possibilities
to reduce enteric methane emissions from ruminants. Animal: An International Journal of Animal Bioscience,
9(9), 1431-1440. https://doi.org/10.1017/s1751731115000968

98. Pinares-Patifio, C. S., Hickey, S. M., Young, E. A., Dodds, K. G., MacLean, S., Molano, G., ... & McEwan,
J. C. (2013). Heritability estimates of methane emissions from sheep. Animal, 7, 316-321.

99. Pinares-Patifio, C. S., McEwan, J. C., Dodds, K. G., Céardenas, E. A., Hegarty, R. S., Koolaard, J. P., & Clark,
H. (2011). Repeatability of methane emissions from sheep. Animal Feed Science and Technology, 166, 210-
218.

100. Pires Sobrinho, T. L., Branco, R. H., Magnani, E., Berndt, A., Canesin, R. C., & Mercadante, M. E.
Z. (2019). Development and evaluation of prediction equations for methane emission from Nellore cattle.
Acta Scientiarum. Animal Sciences, 41, e42559.

101. Pszczola, M., Rzewuska, K., Mucha, S., & Strabel, T. (2017). Heritability of methane emissions from
dairy cows over a lactation measured on commercial farms. Journal of animal science, 95(11), 4813-48109.
102. Pszczola, M., Strabel, T., Mucha, S., & Sell-Kubiak, E. (2018). Genome-wide association identifies

methane production level relation to genetic control of digestive tract development in dairy cows. Scientific
Reports, 8(1). https://doi.org/10.1038/s41598-018-33327-9

103. Ripple, W. J., Smith, P., Haberl, H., Montzka, S. A., McAlpine, C., & Boucher, D. H. (2014).
Ruminants, climate change and climate policy. Nature Climate Change, 4(1), 2-5.

International Journal of Livestock Research



Panwar et al., 2024

https://doi.org/10.1038/nclimate2081

104. Roehe, R., Dewhurst, R. J., Duthie, C.-A., Rooke, J. A., McKain, N., Ross, D. W., Hyslop, J. J.,
Waterhouse, A., Freeman, T. C., Watson, M., & Wallace, R. J. (2016). Bovine host genetic variation
influences Rumen microbial methane production with best selection criterion for low methane emitting and
efficiently feed converting hosts based on metagenomic gene abundance. PLoS Genetics, 12(2), e1005846.
https://doi.org/10.1371/journal.pgen.1005846

105. Roumpeka, D. D., Wallace, R. J., Escalettes, F., Fotheringham, I., & Watson, M. (2017). A review of
bioinformatics tools for bio-prospecting from metagenomic sequence data. Frontiers in genetics, 8, 238989.
106. Rowe, S., Mcewan, J. C., Hickey, S. M., Anderson, R. A., Hyndman, D., Young, E., Baird, H., Dodds,

K. G., Pinares-Patifio, C. S., & Pickering, N. K. (2014). Genomic selection as a tool to decrease greenhouse
gas emissions from dual-purpose New Zealand sheep. In Proc, 10th World Congress of Genetics Applied to
Livestock Production.

107. Saleem, F., Bouatra, S., Guo, A. C., Psychogios, N., Mandal, R., Dunn, S. M., Ametaj, B. N., &
Wishart, D. S. (2013). The bovine ruminal fluid metabolome. Metabolomics: Official Journal of the
Metabolomic Society, 9(2), 360-378. https://doi.org/10.1007/s11306-012-0458-9

108. Sarghale, A. J., Shahrebabak, M. M., Shahrebabak, H. M., Javaremi, A. N., Saatchi, M., Khansefid,
M., & Miar, Y. (2020). Genome-wide association studies for methane emission and ruminal volatile fatty
acids using Holstein cattle sequence data. In Research Square. https://doi.org/10.21203/rs.2.20637/v1

109. Seshadri, R., Hungate1000 project collaborators, Leahy, S. C., Attwood, G. T., Teh, K. H., Lambie,
S. C., Cookson, A. L., Eloe-Fadrosh, E. A., Pavlopoulos, G. A., Hadjithomas, M., Varghese, N. J., Paez-
Espino, D., Perry, R., Henderson, G., Creevey, C. J., Terrapon, N., Lapebie, P., Drula, E., Lombard, V., ...
Kelly, W. J. (2018). Cultivation and sequencing of rumen microbiome members from the Hungate1000
Collection. Nature Biotechnology, 36(4), 359-367. https://doi.org/10.1038/nbt.4110

110. Shaani, Y., Zehavi, T., Eyal, S., Miron, J., & Mizrahi, 1. (2018). Microbiome niche modification
drives diurnal rumen community assembly, overpowering individual variability and diet effects. The ISME
journal, 12(10), 2446-2457.

111. Shanmathy, M., Gopi, M., & Beulah, P. (2018). Contribution of animal husbandry to Indian economy,
its characteristics and future: A Review. Asian Journal of Agricultural Extension, Economics & Sociology,
27(1), 1-7.

112. Sharp, R., Ziemer, C. J., Stern, M. D., & Stahl, D. A. (1998). Taxon-specific associations between
protozoal and methanogen populations in the rumen and a model rumen system. FEMS microbiology ecology,
26(1), 71-78.

113. Shi, W., Moon, C. D,, Leahy, S. C., Kang, D., Froula, J., Kittelmann, S., ... & Rubin, E. M. (2014).
Methane yield phenotypes linked to differential gene expression in the sheep rumen microbiome. Genome
research, 24(9), 1517-1525.

114. Stewart, R. D., Auffret, M. D., Warr, A., Wiser, A. H., Press, M. O., Langford, K. W., ... & Watson,
M. (2018). Assembly of 913 microbial genomes from metagenomic sequencing of the cow rumen. Nature
communications, 9(1), 870.

115. Storm, I. M. L. D., Hellwing, A. L. F., Nielsen, N. I., & Madsen, J. (2012). Methods for measuring
and estimating methane emission from ruminants. Animals: An Open Access Journal from MDPI, 2(2), 160-
183. https://doi.org/10.3390/ani2020160

116. Suravajhala, P., Kogelman, L. J., & Kadarmideen, H. N. (2016). Multi-omic data integration and
analysis using systems genomics approaches: methods and applications in animal production, health and
welfare. Genetics Selection Evolution, 48, 1-14.

117. Ungerfeld, E. M., Rust, S. R., Boone, D. R., & Liu, Y. (2004). Effects of several inhibitors on pure
cultures of ruminal methanogens. Journal of Applied Microbiology, 97(3), 520-526.
https://doi.org/10.1111/j.1365-2672.2004.02330.x

118. Ursell, L. K., Haiser, H. J., Van Treuren, W., Garg, N., Reddivari, L., Vanamala, J., Dorrestein, P. C.,
Turnbaugh, P. J., & Knight, R. (2014). The intestinal metabolome: An intersection between Microbiota and
host. Gastroenterology, 146(6), 1470-1476. https://doi.org/10.1053/j.gastr0.2014.03.001

119. van Engelen, S., Bovenhuis, H., van der Tol, P. P. J.,, & Visker, M. H. P. W. (2018). Genetic
background of methane emission by Dutch Holstein Friesian cows measured with infrared sensors in
automatic milking systems. Journal of Dairy Science, 101(3), 2226-2234. https://doi.org/10.3168/jds.2017-
13441

120. Vanlierde, A., Vanrobays, M. L., Dehareng, F., Froidmont, E., Soyeurt, H., Mcparland, S., Lewis, E.,

International Journal of Livestock Research 29



International Journal of Livestock Research, 14 (5), 13-30 NAAS Score - 4.31

Deighton, M. H., Grandl, F., & Kreuzer, M. (2015). Hot topic: innovative lactation-stagedependent prediction
of methane emissions from milk mid-infrared spectra. J. Dairy Sci, 98, 5740-5747.

121. Wagner, T., Wegner, C.-E., Kahnt, J., Ermler, U., & Shima, S. (2017). Phylogenetic and structural
comparisons of the three types of methyl coenzyme M reductase from Methanococcales and
Methanobacteriales. Journal of Bacteriology, 199(16). https://doi.org/10.1128/jb.00197-17

122. Wallace, R. J., Rooke, J. A., McKain, N., Duthie, C.-A., Hyslop, J. J., Ross, D. W., Waterhouse, A.,
Watson, M., & Roehe, R. (2015). The rumen microbial metagenome associated with high methane production
in cattle. BMC Genomics, 16(1). https://doi.org/10.1186/s12864-015-2032-0

123. Wang, X., & Kadarmideen, H. N. (2020). Metabolite genome-wide association study (mMGWAS) and
gene-metabolite interaction network analysis reveal potential biomarkers for feed efficiency in pigs.
Metabolites, 10(5), 201.

124, Xue, M.-Y., Sun, H.-Z., Wu, X.-H., Liu, J.-X., & Guan, L. L. (2020). Multi-omics reveals that the
rumen microbiome and its metabolome together with the host metabolome contribute to individualized dairy
cow performance. Microbiome, 8(1). https://doi.org/10.1186/s40168-020-00819-8

125. Yang, C., Rooke, J. A., Cabeza, I., & Wallace, R. J. (2016). Nitrate and inhibition of ruminal
methanogenesis: microbial ecology, obstacles, and opportunities for lowering methane emissions from
ruminant livestock. Frontiers in microbiology, 7, 172645.

126. Yu, Z., & Smith, G. B. (2000). Inhibition of methanogenesis by C1- and C2-polychlorinated aliphatic
hydrocarbons. Environmental Toxicology and Chemistry, 19(9), 2212-2217.
https://doi.org/10.1002/etc.5620190910

127. Zimmerman, P., Zimmerman, S., Utsumi, S., & Beede, D. (2011). Development of a user-friendly
online system to measure metabolic gas fluxes from ruminants. J. Dairy Sci, 94(E-Suppl. 1), 760.

*khkhkkhkkkkkkkkkhkkkik

30

International Journal of Livestock Research


https://doi.org/10.1128/jb.00197-17

