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In the last decade, several countries have included feed efficiency (as residual feed intake; RFI) in their breeding goal. Recent studies showed that RFI is favorably correlated with methane emissions. Thus, selecting for lower emitting animals indirectly through RFI could be a short-term strategy in order to achieve the intended reduction set by the EU Commission (-55% for 2030). The objectives were to 1) estimate genetic parameters for six methane traits, including genetic correlations between methane traits, production, and feed efficiency traits, 2) evaluate the expected correlated response of methane traits when selecting for feed efficiency with or without including methane, 3) quantify the impact of reducing methane emissions in dairy cattle using the Danish Holstein population as an example. A total of 26,664 CH4 breath records from 647 Danish Holstein cows measured over 7 years in a research farm were analyzed. Records on dry matter intake (DMI), body weight (BW), and energy corrected milk (ECM) were also available. Methane traits were methane concentration (MeC, ppm), methane production (MeP; g/d), methane yield (MeY; g CH4/kg DMI), methane intensity (MeI; g CH4/kg ECM), residual methane concentration (RMeC), residual methane production (RMeP, g/d), and two definitions of residual feed intake with or without including body weight change (RFI1, RFI2). The estimated heritability of MeC was 0.20 ± 0.05 and for MeP, it was 0.21 ± 0.05, whereas heritability estimates for MeY and MeI were 0.22 ± 0.05 and 0.18 ± 0.04, and for the RMeC and RMeP, they were 0.23 ± 0.06 and 0.16 ± 0.02, respectively. Genetic correlations between methane traits ranged from moderate to highly correlated (0.48 ± 0.16–0.98 ± 0.01). Genetic correlations between methane traits and feed efficiency were all positive, ranging from 0.05 ± 0.20 (MeI-RFI2) to 0.76 ± 0.09 (MeP-RFI2). Selection index calculations showed that selecting for feed efficiency has a positive impact on reducing methane emissions’ expected response, independently of the trait used (MeP, RMeP, or MeI). Nevertheless, adding a negative economic value for methane would accelerate the response and help to reach the reduction goal in fewer generations. Therefore, including methane in the breeding goal seems to be a faster way to achieve the desired methane emission reductions in dairy cattle.
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INTRODUCTION
Methane (CH4) contributes substantially to global warming, being the second most important greenhouse gas (GHG) after carbon dioxide (CO2; Knapp et al., 2014). Enteric fermentation by ruminants contributes to 44.3% of the global livestock emissions (FAO, IFAD, UNICEF, WFP, AND WHO, 2018). Methane is a by-product of the enteric (microbial) fermentation of carbohydrates in the reticulum-rumen of farm animals (Gray et al., 1951) and represents 8–9% of feed energy losses (Olijhoek et al., 2020). Furthermore, CH4 gas has been classified as a short-lived air pollutant (Tong et al., 2015), making its reduction a possible solution for global warming in the short term. Reducing enteric CH4 emissions in ruminants is imperative, given the commitment by the EU Commission (2021) to reduce GHG by 55% in 2030 and become neutral by 2050. Over the past decade, the scientific community has investigated different paths to reduce CH4 emissions, through different scientific disciplines, such as animal nutrition, physiology, management and genetics (de Haas et al., 2011; Waghorn and Hegarty, 2011; Alcock et al., 2015; Pickering et al., 2015). Some of the approaches include a) feed additives to reduce emissions (nutrition), b) identifying lower emitting animals at the same level of production (genetics), c) improving animal health, replacement of animals, and manure management, and d) reducing the consumption of animal products. Nevertheless, the advantage of genetics is that the reductions in CH4 are cumulative through generations and are permanent. Still, the combined sum of the strategies could help to reduce methane emissions faster and on time according to the EU regulations.
Enteric CH4 was an expensive and labor-intensive trait to collect with the traditional methods as respiration chambers; therefore, it was scarcely recorded until the appearance of new cheaper and easier methods (Garnsworthy et al., 2019). Given this lack of data, there is no common agreement on which traits should be included in the breeding goal trait in genetic/genomic selection (de Haas et al., 2017). The standard trait for methane emissions is methane production (MeP; g/d), as this is the trait measured by the most accepted method to measure CH4: respiration chambers. One of these new cheaper and easier methods, the “sniffers” (instrument measuring CH4 in breath by burps), is becoming more popular. These methods, though, measure CH4 as concentration (in ppm; MeC) not MeP. For this reason, some authors have used methane concentration as trait (López-Paredes et al., 2020; Sypniewski et al., 2021; Manzanilla-Pech et al., 2022) as it is a direct measurement from some recording instrumentation such as sniffers. However, this raw phenotype does not account for the size (weight), production or feed intake of the animal. Furthermore, animal nutritionist and farmers (Dijkstra et al., 2011; van Lingen et al., 2014) prefer definitions that express emission in terms of CH4 per kg of output, as CH4 intensity (MeI = g CH4/kg milk), or input like methane yield (MeY = g CH4/kg feed). However, selecting for a ratio trait present some statistical disadvantages like strong correlations with the denominator, in this case represented by economically important trait(s) already present in the breeding goal. Additionally it presents difficulty of interpretation of the selection response due to antagonism between the response in the numerator and the denominator (Berry and Crowley, 2013). For this reason, geneticists have suggested a residual trait (Hayes et al., 2016), adopting the concept of residual feed intake (RFI; Berry and Crowley, 2013)This approach creates a trait independent of production and weight, with the purpose of selecting for more feed efficient animals without affecting milk production. Several definitions of residual methane have been suggested, correcting or adjusting methane for production, feed, and weight (Manzanilla-Pech et al., 2016; Manzanilla-Pech et al., 2021; Richardson et al., 2021). Again, there is limited agreement on which residual trait should be used. Furthermore, this raw phenotype does not account for the size (weight), production, or feed intake of the animal. For this reason, it could be an option to use a residual methane trait (RMeC) that would help to account for milk production (energy corrected milk, ECM) and body weight (BW) of the animal in comparison to MeC that only provides a concentration. Another residual trait suggested could be RMeP that would help to reduce the induced covariance structure with MeP, ECM, and BW, given the use of these traits in the calculation of MeP (Madsen et al., 2010).
Given that feed costs represent a large proportion of the total costs of production and there has been a large interest in improving feed efficiency. In the last decade, several countries (i.e., Netherlands, Australia, United States, Denmark, United Kingdom) have included feed efficiency in their breeding goal through some index called saved feed or feed saved (Veerkamp et al., 2013; Pryce et al., 2015; Andersen et al., 2020; Holstein-USA, 2021; Li et al., 2021). Residual feed intake has been proposed as a proxy trait for feed efficiency in several species including cattle, pig, and poultry (Veerkamp et al., 2013; Sypniewski et al., 2021). Traditionally, feed efficiency can be defined as the difference between the actual and predicted intake. Moreover, feed efficiency is also related to energy balance (Pickering et al., 2015), defined as the difference between the energy a cow expends for milk production, maintenance, growth, and reproduction and the energy a cow gains from the intake of nutrients (Alcock et al., 2015). An unwanted effect of an increased negative energy balance is known to adversely affect fertility, so it remains important to adjust RFI for body weight changes to avoid this effect. Furthermore, methane emissions represent a gross energy loss from feed intake up to 12% (Gerber et al., 2013). Therefore, improving feed efficiency in cattle is also expected to help lower methane emissions (de Haas et al., 2017; Garnsworthy et al., 2019; Olijhoek et al., 2020). However, it has not been analyzed further what the impact of selecting for feed efficiency could have on lowering methane emissions. Therefore, it is required quantifying the possible reductions of methane as correlated response, when selecting for feed efficiency.
The objectives of this study were to 1) estimate genetic parameters for six CH4 traits (MeP, MeC, MeI, MeY, RMeP, RMeC), including genetic correlations between methane traits, production, and feed efficiency traits, 2) evaluate the expected correlated response of methane traits when selecting for feed efficiency with or without including methane, 3) quantify the economic impact of reducing methane emissions in Holstein dairy cattle in Denmark as an example.
MATERIALS AND METHODS
Methane Data Collection and Editing
Measurements of CH4 and CO2 on 650 Holstein cows recorded between 2013 and 2020 at the Danish Cattle Research Center (DCRC, Tjele, Denmark) were available. Data have been partially described previously by Zetouni et al. (2018), Difford et al. (2020), and Manzanilla-Pech et al. (2020). Methane breath concentration (CH4 in parts per million, ppm, referred to as MeC) was measured by the non-dispersive infrared CH4 sensor (Guardian NG, Edinburgh Instruments Ltd., Livingston, United Kingdom), and in parallel, CO2 was measured using the same technique (Gascard, Edinburgh Instruments Ltd., Livingston, United Kingdom) installed in each of the three automatic milking stations (AMS). Equipment details, technical specification as sensor calibration and management of the raw data from thresholds for ambient background, and a cow head-lifting algorithm are reported in Difford et al. (2016). Cows were part of several nutritional experiments, and diets included primarily rolled barley, corn silage, grass clover silage, rapeseed meal, and soybean meal. The DCRC barn is a loose housing system with access to AMS (DeLaval International AB, Tumba, Sweden). Weekly records on ECM, BW, and DMI were available from 960 primiparous cows from the research farm (DCRC, Foulum, Denmark), most of them during the same period of time that methane concentration was measured, including cows with methane records and its contemporary relatives. Cows were fed with automated feeders (Insentec, RIC system, Marknesse, the Netherlands). Body weight was measured automatically at each milking and averaged per week (Li et al., 2017). The AMS was fitted with a weighing platform (Danvaegt, Hinnerup, Denmark) that recorded BW at each milking. ECM was calculated using the following formula (Sjaunja et al., 1991):
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Weekly averages for CH4 and CO2 records were calculated to match the weekly records of ECM and BW available to calculate MeP. Data were filtered to only include the weekly averages, where a maximum of 3 days was allowed to be missing within a week, and individual cows required a minimum of three weekly measurements to be retained for further analysis. After editing, 26,664 weekly MeC records from 647 Danish Holstein cows and 19,123 MeP records from 575 from Holstein cows were analyzed. Natural logarithm (ln) transformation was applied, as MeC was not normally distributed, and this was multiplied by 100 to avoid problems with the scale of the other traits. Methane production was calculated as follows using the formula of (Madsen et al., 2010) based on heat producing units (HPU):
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where
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Secondly, converting CH4 in L/d to g/d using the formula:
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where the density of CH4 at 20°C = 0.668 g/L.
Additionally, four methane traits that account for production level and weight were calculated: methane yield (MeY) was defined as MeP divided by DMI, and methane intensity (MeI) was calculated using MeP divided by ECM. Residual methane concentration (RMeC) was the residual of the partial regression of MeC on ECM and MBW, whereas RMeP was the residual of the partial regression of MeP on ECM and MBW along with fixed effects described in the model (5). Furthermore, residual feed intake 1 (RFI1) was the residual of the partial regression of DMI on MBW and ECM (according to the two-step RFI from Tempelman et al. (2015), along with fixed effects described in the model (5). An additional residual feed intake (RFI2) was based on the partial regression of DMI on MBW and ECM including body weight change (∆BW).
Variance Component Estimation
For each trait (MeP, MeC, MeI, MeY, RMeP, RMeC), variance components were estimated using the AI-REML algorithm with the DMU software (Version 6, Release 5.4; (Madsen and Jensen, 2014)). Genetic and phenotypic correlations were estimated through pairwise bivariate analyses between the traits. A pedigree containing the identification of the cow, sire, and dam with 11,778 animals (3,024 sires and 7,754 cows) after pruning in the relationship matrix was used, with an average of 10 generations.
The model used to estimate the variance components was
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where [image: image] is the phenotype for MeC, MeP, MeY and MeI; μ is the mean; EYS is the fixed effect ith for experiment-year-season (115 classes); LACTWEEK is the fixed effect jth for a week of lactation (44 classes); PAR is the fixed effect for the kth parity number (1, 2, 3+); and ACC is the age of cow at calving in months as covariate. Random effects are as follows: a is the additive genetic effect lth distributed as N (0, A [image: image]), in which A is the relationship matrix and [image: image] is the genetic variance, pe is the permanent environmental effect mth (within and across parities) distributed as N (0, I [image: image]), where I is an identity matrix and [image: image] is the permanent environmental variance and e is the residual effect of [image: image]. The model for the residual traits (RMeC, RMeP, RFI1, RFI2) included only the mean, additive genetic effect, permanent environmental effect, and residual effect, as the fixed effects have been accounted for in the calculation of the residual trait.
Correlated Response of Selection in Past, Current, and Future Scenarios
Given that currently RFI is part of the saved feed index (Andersen et al., 2020) and it has been included in the net total merit (NTM) since 2020, an interesting question is to quantify the reduction on methane traits given its favorable correlation with RFI. The definition of saved feed in the Nordic countries was described by Sørensen et al. (2018) as: EBV (saved feed) = EBV (maintenance) + EBV(metabolic efficiency), where maintenance is MBW and metabolic efficiency is RFI. Therefore, we developed three selection indexes: a) MeP, b) RMeP, and c) MeI. Methane production was chosen, as it is the most commonly used trait in terms of methane emissions in dairy cattle. Residual methane was proposed in this study as candidate trait to be included in the breeding goal given its independency with production and weight. Methane intensity was included due to its popularity among some sectors and as exercise to quantify the possible CH4 reduction in terms of the unit of product (milk). Within each index, there were three possible scenarios reflecting past, current, and future situations. Given the lack of information on the correlation between functional traits included in the NTM (e.g., fertility and longevity) and methane production, this exercise only focused on ECM, BW and RFI. Furthermore, all scenarios are assuming zero correlations with health traits based on Zetouni et al. (Gerber et al., 2013) (udder health = 0.06), and low to zero correlations with conformation traits (stature = 0.01, body depth = -0.03 and chest width = −0.20). Last, as the genetic correlation between RFI1 and RFI2 was 0.86, for the correlated response, we used RFI1 given its practicality in the calculation. Scenario zero (SC0) represents the impact on methane with the past situation, when selection was only for milk production (ECM); scenario one (SC1) represents the current situation with RFI included through saved feed in the breeding goal for Nordic countries; scenario 2 (SC2) represents a future situation where methane is included in the breeding goal. The scenario zero (base scenario; SC0) only included an economic value for ECM (−0.6). Additionally, scenarios 1 and 2 (SC1 and SC2) included an economic value for RFI of -0.2 euro, according to the results of Stephansen et al. (2021). Furthermore, scenario (SC2) has been divided into A and B with different economic values, A) −0.005 and B) −0.017 being for MeP and RMeP, respectively. These values were based on the status report for 2021 for Denmark (Klimarådet, 2022), where the price suggested is 1,500 Danish kroner per ton of CO2e, and we took two possible scenarios (EPA Agency, 2022) A) to a 100-year global warming potential where 1 kg CH4 = 25 CO2e, and B) to a 20-year global warming potential period where 1 kg CH4 = 84 CO2e. For MeI, the economic values were calculated as the trait definition, g MeP/kg of ECM being equal to -0.0083 for scenario 2A (−0.005/0.6) and −0.0283 (−0.017/0.6) for scenario 2B. The economic values for MeP and RMeP are given in euro per g/d, whereas the economic values for MeI are given in euro per g MeP/kg ECM; and ECM and RFI are given in euro per kg/d. All scenarios set economic values for MBW to zero. Genetic variances, correlations and heritabilities obtained from this study were used in the calculation of the expected responses of ECM and RFI and the correlated responses for MBW and MeP or RMeP. Furthermore, reliabilities of the EBVs were assumed at 0.81 (average reliability for ECM).
RESULTS AND DISCUSSION
Descriptive statistics for all traits (MeP, MeC, MeI, MeY, RMeP, RMeC, RFI1, RFI2) are presented in Table 1. The average for MeP was 337.9 g/d, whereas for MeI, it is 9.2 g CH4/kg ECM and for MeY, it is 15.4 g CH4/kg DMI. These averages are similar to the values previously reported by Lassen and Løvendahl (2016), Breider et al. (2019), Richardson et al. (2021), and Sypniewski et al. (2021).
TABLE 1 | Descriptive statistics for methane, and efficiency traits for Danish Holstein cows.
[image: Table 1]Heritabilities and Genetic Correlations
Estimated genetic, permanent environmental, residual variances, heritabilities, and repeatabilities for all traits are presented in Table 2. Heritabilities were moderate ranging from 0.13 ± 0.02 (RFI1) and 0.23 ± 0.06 (RMeC). Estimated heritability for MeP was 0.21 ± 0.05, which is consistent to the previously reported estimates (Lassen and Løvendahl, 2016; Pszczola et al., 2017; Breider et al., 2019). Likewise, heritability for MeI was 0.18 ± 0.04, similar to the values reported previously (Lassen and Løvendahl, 2016; Kandel et al., 2017; van Engelen et al., 2018).
TABLE 2 | Estimated genetic (σ2a), permanent environmental (σ2pe), residual (σ2e) variances, heritabilities (h2), permanent environmental ratios (pe2) and repeatabilities (rep) with (SE) for methane, production, maintenance, and efficiency traits.
[image: Table 2]Estimated genetic (rg) and phenotypic correlations (rp) between the six methane traits (MeP, MeC, MeI, MeY, RMeP, RMeC) are presented in Table 3. All methane traits were moderate to highly positive phenotypically correlated to each other, ranging from 0.48 ± 0.02 (MeI-MeC) to 0.98 ± 0.00 (RMeC-MeC). Genetic correlations of MeC (the phenotypic raw trait) with the other methane traits ranged from 0.48 ± 0.16 (MeI) to 0.71 ± 0.12 (MeP), whereas rg between MeP (the reference trait) with the other methane traits ranged from 0.48 ± 0.16 (MeI) to 0.82 ± 0.07 (RMeP). Furthermore, RMeP was highly (above 0.8) genetic and phenotypically correlated with all the traits except for MeC; this could represent an advantage when this trait is added to the breeding goal given that it could represent all the other methane phenotypes. For example, as for farmers and nutritionists, MeI and MeY are important, and the correlations between RMeP and MeI and MeY are 0.85 and 0.88, respectively, and RMeP could be used as a proxy for them.
TABLE 3 | Estimated genetic (below diagonal) and phenotypic correlations (above diagonal) with (SE) between methane traits.
[image: Table 3]Estimated genetic and phenotypic correlations between methane traits and efficiency traits are presented in Table 4. Genetic correlations between RFI1 and methane traits were low to moderate, positively correlated for all traits, ranging from 0.16 ± 0.19 (MeY) to 0.65 ± 0.13 (MeP), whereas rg between RFI2 (including ∆BW) ranged from 0.05 ± 0.20 (MeI) to 0.76 ± 0.09 (MeP). These positive genetic correlations are favorable when selecting for RFI, given that the goal is to reduce RFI; this will also reduce methane emissions (in different magnitudes depending on the trait). However, for some of the traits (MeC, MeI, MeY) due to the large standard errors, these genetic correlations were not different from zero. The highest correlations with RFI (1 and 2) were found with MeP and RMeP. Nevertheless, for MeP, it would be difficult to increase milk and decrease methane at the same time given the high genetic correlation between MeP and ECM (0.79). Thus, RMeP could be suggested as a trait to include in the breeding goal given its low to zero correlation with ECM (0.12) and BW (0.06), meaning that this trait is almost independent of these traits and we could decrease methane without compromising milk production or the weight of cows. However, this suggestion is based on our results, including high and positive genetic correlations between RMeP, MeP, and RFI; further analyses with more data would be recommended to confirm these results.
TABLE 4 | Estimated genetic (rg) and phenotypic (rp) correlations with (SE) between methane traits and production, maintenance, and efficiency traits.
[image: Table 4]Best Candidate Trait to be Included in the breeding Goal
As stated before, many countries have opted to use sniffers to record methane emissions, given the practical ease of installation in automated milking stations, bringing an additional phenotype called CH4 breath concentration (MeC) (Madsen et al., 2010; Calderón-Chagoya et al., 2019; Sypniewski et al., 2019; Difford et al., 2020). However, to calculate MeP from CH4 (and CO2), ECM and BW are needed (Madsen et al., 2010), leading to an artificially induced covariance structure between traits resulting in high correlations between MeP and ECM and BW (Manzanilla-Pech et al., 2020; Manzanilla-Pech et al., 2022). This induced covariance could be removed by the calculation of adjusted traits as residual traits. Residual methane concentration calculation had the purpose of having a trait that does not involve MeP (but MeC) accounting for the weight and production of the animal. However, RMeC had lower genetic correlations with MeP and RFI in comparison with RMeP. Therefore, the use of RMeP seems to be the most plausible for including in a selection index, especially since its genetic correlations with the other methane traits are high and positive, ranging from 0.70 (MeC) to 0.98 (RMeC), and the genetic correlation with MeP is 0.82 and RFI is 0.48. Similarly, Richardson et al. (Richardson et al., 2021) proposed a residual methane trait adjusted only by ECM, as candidate trait for the inclusion in routine genetic evaluation, based on its practicality of recording ECM in a pasture-based system. Breath concentration traits (MeC and RMeC) could have some benefits being the raw unadulterated trait (MeC) and not being “modified” using traits as ECM and MBW. However, given that the unit of MeC and RMeC is log(ppm), the interpretation of the addition to the breeding goal of any of these traits will not be straightforward as other traits are in kg/d. Additionally, farms and AMS designs have a great impact on the ppm values, which makes a fair comparison of phenotype difficult and reduce its suitability to be elected as a candidate methane trait. Furthermore, MeI and MeY are popular among some sectors (nutritionists, farmers, and livestock farming systems) as they are presented in terms of the unit of milk produced or the unit of feed consumed. Despite that ratio traits (MeI and MeY) are not the preferred candidate trait to be included in the breeding goal given the problems previously stated, this does not mean that MeI or MeY cannot be improved. By selecting on other methane traits highly correlated with MeI or MeY, it is possible to improve these traits. Gerber et al. (2011) acknowledged MeI as a proxy for system productivity and concluded that even if MeP increases with higher yields, MeI declines as animal productivity increases. This could dilute the effect of the emissions in one cow over a larger volume of milk produced, in comparison to requiring the number of lower milk producing cows needed to produce the same amount of milk under a low or fixed level production system, which would inevitably produce more CH4 than a single cow. In conclusion, RMeP is a suitable candidate trait to be included in the breeding goal, given its high correlations with other methane traits and that it has the same advantages as MeP without compromising the genetic correlations with production and maintenance traits. The residual methane production allows for disentanglement of the differences between cows similar in production and weight with respect to their methane production. Still, some traits as MeI would be useful when explaining or comparing the amount of methane produce respecting the amount of milk produced.
Correlated Response of Methane When Selecting for Feed Efficient Cows
Correlated response to selection for MeP, RMeP, and MeI using ECM, MBW, and RFI is presented in Table 5. Most scenarios for MeP and RMeP presented a positive response to selection, which can be translated as an increase on methane emissions. The exception was scenario SC2B for RMeP where the response was negative (−0.88), meaning an actual reduction on the methane emissions. Unlike, MeI (g CH4/kg ECM) decreased in all scenarios. The scenario zero (SC0) showed a scenario where the main trait to select was ECM. In SC0, the correlated response of MeP was an increase of 24.22 g/d, whereas for RMeP, it was 2.71 g/d; this would represent an increase of 7% with respect to the current average (337.9 g/d) for MeP. For MeI (in SC0), the correlated response was -0.41 g of CH4/kg of ECM. Scenario 1 (SC1), where RFI is included, observed a reduction in MeP of 0.5 g/d and for RMeP of 0.4 g/d. For MeI (SC1), the correlated response was -0.42 g of CH4/kg of ECM, which represents 1 g less per kilogram of milk in comparison to SC0. These reductions are per animal per generation and they are cumulative. Scenario 2, where we included an economic value for methane emissions at two different levels, reduced MeP by 1.43 g/d (SC2A) up to 4.16 g/d (SC2B) compared to SC0, whereas RMeP reduced by 1.37 g/d (SC2A) up to 3.59 g/d (SC2B). These reductions in SC2 represent CH4 reductions of 6–17% compared to SC0 independently of the trait. For MeI (SC2), the correlated response was −0.43 g of CH4/kg of ECM, which represent 2 g less per kilogram of milk in comparison to SC0. Translating these values to kg per cow per lactation, for SC2A these reductions are between 0.44 (MeP) and 0.42 kg/cow/year (RMeP), whereas for SC2B, these reductions are between 1.3 (MeP) and 1.1 kg/cow/year (RMeP). Similarly, Gonzalez-Recio et al. (2020) reported a decrease of 0.39 kg/cow per year when including methane in the breeding goal, resulting in a 20% reduction in 10 years. Additionally, there is an (negative) effect on the genetic gain of ECM when including RFI and greater when including methane. However, this possible reduction (deceleration in the increase) on the genetic gain of ECM is lower when including RMeP (2%) instead of MeP (5%) in SC2B. González-Recio et al. (2020) have also reported a possible reduction of 10–18% in the genetic gain for production traits as a collateral effect of including methane in the breeding goal.
TABLE 5 | Correlated response to selection for MeP, RMeP, and MeI using ECM, MBW, and RFI.
[image: Table 5]There are several interesting points in this analysis; first, that there is a reduction of methane emissions in SC1, meaning that in the current situation even if we do not add methane into the breeding goal, there is a reduction of methane emissions by including RFI in the breeding goal; given that methane is correlated with RFI. Several authors have pointed out previously that by selecting for RFI, we could reduce methane emissions (Hegarty et al., 2007; de Haas et al., 2011; Manzanilla-Pech et al., 2021). However, the physiological mechanism behind this reduction of methane by selecting for feed efficient animals remains unknown. Basarab et al. (2013) have previously summarized three hypotheses as to why lower RFIs have lower MeP or MeY; the first one states that efficient animals with lower feed energy intake at equal levels of production and BW have lower MeP. Second, one implicates that shorter retention time of digestion in the rumen is related with lower MeP, and a third one involves ruminal retention in combination with host response in microbial communities favoring digestibility. On the other hand, some nutritionist experiments have unsuccessfully attempted to prove a link between low RFI and low CH4 (Hegarty et al., 2007; Fitzsimons et al., 2013; McDonnell et al., 2016). As nutritional manipulations sometimes affect RFI and give results in directions opposite to genetic differences, likely as effects on the microbiome. However, the effects of additives on the microbiome are indeed interesting and they could be useful in combined strategies (genetics plus feed additives). Additionally, a number of animals limit most of the nutritional experiments and no genetic component is included, but several diets are, which could explain the results. These results (Hegarty et al., 2007; Fitzsimons et al., 2013; McDonnell et al., 2016) showed little evidence of a direct effect of RFI on ruminal CH4 emissions (g/day) and that differences observed are a reflection of the variance in DMI between animals (Kenny et al., 2018). Therefore, this topic needs to be further investigated to elucidate the physiological mechanism behind the links between methane reduction and feed efficiency.
Despite the reduction on the expected response (deceleration) of methane emissions by including RFI in the breeding goal, it seems that this reduction will not be enough to reach the intended global reductions of GHG at country and at the EU level (EU Commission, 2021). Therefore, additional (negative) weights should be included for methane traits to accomplish a desired reduction in the GHG emission from dairy cattle in the next 10 and 30 years. For this reason, including methane through one of its traits is a potential way to accelerate this reduction on methane emissions. The outcome of this analysis shows that including either MeP or RMeP in the breeding goal would be translated as a deceleration of the increase of methane emissions compared to the actual scenario, where no methane trait is included. However, the advantage of RMeP would be that this trait is independent of the production and body weight of the animal. For this reason, the effect of including an economic value for methane has smaller effect on the genetic gain of ECM, in comparison to that of MeP. This is the primary advantage of residual traits; in this case, RMeP has been corrected by ECM and MBW, thus having low or close to zero correlations with the production traits.
Furthermore, there has been an interest to express the reduction in MeI; in other words, in terms of the unit of CH4 per kg of ECM produced. In this study, we also included MeI as a candidate trait to visualize the correlated response of MeI when including RFI in the breeding goal. The response was favorable (negative), meaning that selecting for efficient cows will also have a positive impact by reducing methane (−0.41 to −0.43 g) for methane emitted by the unit of production (kg of ECM). As mentioned before, given the increase in milk production per cow, fewer cows are needed to produce the same amount of milk. So, independently of the amount of CH4 produced per cow, the MeI would be diluted by the higher yield, meaning that a high producing cow will have lower MeI than a low producing cow. In the last decade, as a result of selection on highly milk producing cows, MeI (g CH4/kg ECM) has shown a constant decrease (Moate et al., 2014; González-Recio et al., 2020). Therefore, the breeding objective could help to improve MeI but by including MeP (or RMeP) and ECM in the selection index and not MeI directly. Moreover, it is arbitrary how to include a ratio trait into the breeding goal, as it is unclear whether the response is established through changing the numerator, the denominator, or both.
Sensitivity Analysis: Study Case Denmark
Based on the results of the selection index analysis, we quantified the economic impact of the reduction of methane possible when including either MeP or RMeP in the breeding goal. This exercise was done for Denmark, based on the Danish statistics publicly available (Klimarådet, 2022; Statbank Statistics Denmark, 2022). The volume of methane reduction was calculated as the difference between the two most extreme scenarios SC2B vs. SC0. For MeP, it was 4.16 g/d and for RMeP, it was 3.65 g/d; if we multiply this for 305 days per lactation, it gives us a reduction of 1.27 and 1.11 kg methane per year per cow, respectively. Multiplying these numbers for the total number of dairy cows in Denmark (Statbank Statistics Denmark, 2022) (550K) results in 612 and 698 ton CH4. Taking into account that the total amount of CH4 produced by dairy cattle in a year in Denmark was 86.59 kt (Albrektsen et al., 2021), this reduction barely represents 1%. However, if we translate this reduction of CH4 to cost, the importance of this exercise becomes clearer. As CH4 is usually expressed in a ton of CO2 equivalents (CO2e), to convert ton CH4 to ton CO2e requires a multiplication of 25 (for a 100-year global warming potential where 1 kg CH4 = 25 CO2e) or for 84 (for a 20-year global warming potential period where 1 kg CH4 = 84 CO2e). For MeP, this would represent 17.4 K ton CO2e or 58.6 K ton CO2e depending on the period of global warming potential used, whereas for RMeP, this would represent 15.3 K ton CO2e or 51.4 K ton CO2e. Based on the previous calculation of 1,500 DKK (or €200) per ton CO2e according to Klimarådet (2022), this apparently small reduction at the cow level on methane emissions could be translated to a saved cost of 3.5–11.7 million € when using MeP and from 3.1 to 10.4 million € when using RMeP per year for the whole Danish dairy sector (1 € = 7.45 kroner). Our results are in agreement with the 25-year simulation in the Australian beef industry assuming an annual rate response of −0.08 kg DM/d, a cumulative CH4 reduction of 568,100 ton (22.7 K ton/year) was achieved, which represented €8.5 million/year in carbon credits (Alford et al., 2006).
In conclusion, residual methane production has shown potential benefits as candidate trait when selecting for reduced methane emissions, like being highly correlated with efficiency traits and weakly correlated with production. Additionally, residual methane production is highly correlated with the other methane traits, which is favorable when there is interest in more than one trait. Furthermore, selection index calculations showed that selecting for feed efficiency (RFI) has a positive impact on reducing methane emissions independently of the trait used; nevertheless, adding a negative economic value for methane would accelerate the response and help to reach the reduction goal in fewer generations. Therefore, including methane traits in the breeding goal shall be the preferable way to achieve the desired methane reductions in dairy cattle. Consequently, including methane in the breeding goal seems to be imperative in order to obtain the intended reduction of methane emissions in the coming years, despite the possible deceleration in the genetic gain of milk production. Additionally, if we translate the possible reductions of methane achieved by including methane in the breeding goal, this could lead to savings up to 11 million of Euros in 1 year to the dairy industry, just for Denmark.
DATA AVAILABILITY STATEMENT
The datasets presented in this article were used under agreement with the Department of Animal Science from Aarhus University, https://anis.au.dk/en/ and hence, are not publicly available. Data are however available upon required agreement with all the partners involved and should be directed to the corresponding author coralia.manzanilla@qgg.au.dk.
AUTHOR CONTRIBUTIONS
CM-P analyzed the data, interpreted, and wrote the manuscript; RS helped with the design of the study case and discussion; GD designed and collected the raw data and helped with the editing of the manuscript; PL helped with the interpretation and with the editing of the manuscript; and JL designed and collected the data and helped with the editing of the manuscript. All authors have read and approved the final manuscript.
FUNDING
This work was funded by a grant from the Danish Milk Levy Fund (Aarhus, Denmark) for the project “Reduceret klimaaftryk på KO-niveau og BEDRIFTS-niveau.”
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 EPAAgency (2022). Understanding Global Warming Potential. Avaialble at: https://www.epa.gov/ghgemissions/understanding-global-warming-potentials#Learn%20why (Accessed January 12, 2022). 
 Albrektsen, R., Mikkelsen, M. H., and Gyldenkærne, S. (2021). “Danish Emission Inventories for Agriculture. Inventories,” in Scientifi C Report from DCE – Danish Centre for Environment and Energy . (Aarhus, Denmark: Aarhus University). 
 Alcock, D. J., Harrison, M. T., Rawnsley, R. P., and Eckard, R. J. (2015). Can Animal Genetics and Flock Management Be Used to Reduce Greenhouse Gas Emissions but Also Maintain Productivity of Wool-Producing Enterprises?Agric. Syst. 132, 25–34. doi:10.1016/j.agsy.2014.06.007
 Alford, A. R., Hegarty, R. S., Parnell, P. F., Cacho, O. J., Herd, R. M., and Griffith, G. R. (2006). The Impact of Breeding to Reduce Residual Feed Intake on Enteric Methane Emissions from the Australian Beef Industry. Aust. J. Exp. Agric. 46, 813–820. doi:10.1071/ea05300
 Andersen, T., Carlén, E., and Vahlsten, T. (2020). NAV. Metabolic Efficiency Will Improve Saved Feed. Avaialble at: https://www.nordicebv.info/wp-content/uploads/2020/11/Metabolic-efficiency-included-in-the-Saved-feed-index.pdf (Accessed March 15, 2022). 
 Basarab, J. A., Beauchemin, K. A., Baron, V. S., Ominski, K. H., Guan, L. L., Miller, S. P., et al. (2013). Reducing GHG Emissions through Genetic Improvement for Feed Efficiency: Effects on Economically Important Traits and Enteric Methane Production. Animal 7 (Suppl. 2), 303–315. doi:10.1017/s1751731113000888
 Berry, D. P., and Crowley, J. J. (2013). Cell Biology Symposium: Genetics of Feed Efficiency in Dairy and Beef Cattle1. J. Anim. Sci. 91, 1594–1613. doi:10.2527/jas.2012-5862
 Breider, I. S., Wall, E., and Garnsworthy, P. C. (2019). Short Communication: Heritability of Methane Production and Genetic Correlations with Milk Yield and Body Weight in Holstein-Friesian Dairy Cows. J. Dairy Sci. 102, 7277–7281. doi:10.3168/jds.2018-15909
 Calderón-Chagoya, R., Hernandez-Medrano, J. H. H., Ruiz-López, F. J. J., Garcia-Ruiz, A., Vega-Murillo, V. E. E., Montano-Bermudez, M., et al. (2019). Genome-Wide Association Studies for Methane Production in Dairy Cattle. Genes (Basel) 10, 20995. doi:10.3390/genes10120995
 de Haas, Y., Pszczola, M., Soyeurt, H., Wall, E., and Lassen, J. (2017). Invited Review: Phenotypes to Genetically Reduce Greenhouse Gas Emissions in Dairying. J. Dairy Sci. 100, 855–870. doi:10.3168/jds.2016-11246
 de Haas, Y., Windig, J. J., Calus, M. P. L., Dijkstra, J., de Haan, M., Bannink, A., et al. (2011). Genetic Parameters for Predicted Methane Production and Potential for Reducing Enteric Emissions through Genomic Selection. J. Dairy Sci. 94, 6122–6134. doi:10.3168/jds.2011-4439
 Difford, G. F., Lassen, J., and Løvendahl, P. (2016). Interchangeability between Methane Measurements in Dairy Cows Assessed by Comparing Precision and Agreement of Two Non-invasive Infrared Methods. Comput. Electron. Agric. 124, 220–226. doi:10.1016/j.compag.2016.04.010
 Difford, G. F., Løvendahl, P., Veerkamp, R. F., Bovenhuis, H., Visker, M. H. P. W., Lassen, J., et al. (2020). Can Greenhouse Gases in Breath Be Used to Genetically Improve Feed Efficiency of Dairy Cows?J. Dairy Sci. 103, 2442–2459. doi:10.3168/jds.2019-16966
 Dijkstra, J., van Zijderveld, S. M., Apajalahti, J. A., Bannink, A., Gerrits, W. J. J., Newbold, J. R., et al. (2011). Relationships between Methane Production and Milk Fatty Acid Profiles in Dairy Cattle. Animal Feed Sci. Technol. 166-167, 590–595. doi:10.1016/j.anifeedsci.2011.04.042
 FAO, IFAD, UNICEF, WFP, AND WHO (2018). “The State of Food Security and Nutrition in the World 2018.” in Building Climate Resilience for Food Security and Nutrition . 
 Fitzsimons, C., Kenny, D. A., Deighton, M. H., Fahey, A. G., and McGee, M. (2013). Methane Emissions, Body Composition, and Rumen Fermentation Traits of Beef Heifers Differing in Residual Feed Intake1. J. Anim. Sci. 91, 5789–5800. doi:10.2527/jas.2013-6956
 Garnsworthy, P. C., Difford, G. F., Bell, M. J., Bayat, A. R., Huhtanen, P., Kuhla, B., et al. (2019). Comparison of Methods to Measure Methane for Use in Genetic Evaluation of Dairy Cattle. Anim. (Basel) 9, 837. doi:10.3390/ani9100837
 Gerber, P. J., Hristov, A. N., Henderson, B., Makkar, H., Oh, J., Lee, C., et al. (2013). Technical Options for the Mitigation of Direct Methane and Nitrous Oxide Emissions from Livestock: a Review. Animal 7 (Suppl. 2), 220–234. doi:10.1017/s1751731113000876
 Gerber, P., Vellinga, T., Opio, C., and Steinfeld, H. (2011). Productivity Gains and Greenhouse Gas Emissions Intensity in Dairy Systems. Livest. Sci. 139, 100–108. doi:10.1016/j.livsci.2011.03.012
 González-Recio, O., López-Paredes, J., Ouatahar, L., Charfeddine, N., Ugarte, E., Alenda, R., et al. (2020). Mitigation of Greenhouse Gases in Dairy Cattle via Genetic Selection: 2. Incorporating Methane Emissions into the Breeding Goal. J. Dairy Sci. 103, 7210–7221. doi:10.3168/jds.2019-17598
 Gray, F. V., Pilgrim, A. F., and Weller, R. A. (1951). Fermentation in the Rumen of the Sheep. I. The Production of Volatile Fatty Acids and Methane During the Fermentation of Wheaten Hay and Lucerne Hay in Vitro by Micro-Organisms From the Rumen. J. Exp. Biol. 28, 74–82. doi:10.1242/jeb.28.1.74
 Hayes, B. J., Donoghue, K. A., Reich, C. M., Mason, B. A., Bird-Gardiner, T., Herd, R. M., et al. (2016). Genomic Heritabilities and Genomic Estimated Breeding Values for Methane Traits in Angus Cattle. J. Anim. Sci. 94, 902–908. doi:10.2527/jas.2015-0078
 Hegarty, R. S., Goopy, J. P., Herd, R. M., and McCorkell, B. (2007). Cattle Selected for Lower Residual Feed Intake Have Reduced Daily Methane Production1,2. J. Anim. Sci. 85, 1479–1486. doi:10.2527/jas.2006-236
 Holstein-USA (2021). TPI Formula. Available at: http://www.holsteinusa.com/genetic_evaluations/ss_tpi_formula.html (Accessed November 7, 2021). 
 Kandel, P. B., Vanrobays, M.-L., Vanlierde, A., Dehareng, F., Froidmont, E., Gengler, N., et al. (2017). Genetic Parameters of Mid-infrared Methane Predictions and Their Relationships with Milk Production Traits in Holstein Cattle. J. Dairy Sci. 100, 5578–5591. doi:10.3168/jds.2016-11954
 Kenny, D. A., Fitzsimons, C., Waters, S. M., and McGee, M. (2018). Invited Review: Improving Feed Efficiency of Beef Cattle - the Current State of the Art and Future Challenges. Animal 12, 1815–1826. doi:10.1017/s1751731118000976
 Klimarådet, (2022). Danish Council on Climate Change. Available at: https://klimaraadet.dk/(Accessed December 22, 2021). 
 Knapp, J. R., Laur, G. L., Vadas, P. A., Weiss, W. P., and Tricarico, J. M. (2014). Invited Review: Enteric Methane in Dairy Cattle Production: Quantifying the Opportunities and Impact of Reducing Emissions. J. Dairy Sci. 97, 3231–3261. doi:10.3168/jds.2013-7234
 Lassen, J., and Løvendahl, P. (2016). Heritability Estimates for Enteric Methane Emissions from Holstein Cattle Measured Using Noninvasive Methods. J. Dairy Sci. 99, 1959–1967. doi:10.3168/jds.2015-10012
 Li, B., Berglund, B., Fikse, W. F., Lassen, J., Lidauer, M. H., Mäntysaari, P., et al. (2017). Neglect of Lactation Stage Leads to Naive Assessment of Residual Feed Intake in Dairy Cattle. J. Dairy Sci. 100, 9076–9084. doi:10.3168/jds.2017-12775
 Li, B., Mrode, R., Id-Lahoucine, S., Winters, M., and Coffey, M. P. (2021). "Genomic Evaluation for Feed Advantage -Towards Feed Efficient Cows in UK Dairy Cattle," in Proceedings of the 2021 Interbull Meeting,  (Leeuwarden, the Netherlands, April 26-30, 2021), 2021, 125. 
 López-Paredes, J., Goiri, I., Atxaerandio, R., García-Rodríguez, A., Ugarte, E., Jiménez-Montero, J. A., et al. (2020). Mitigation of Greenhouse Gases in Dairy Cattle via Genetic Selection: 1. Genetic Parameters of Direct Methane Using Noninvasive Methods and Proxies of Methane. J. Dairy Sci. 103, 7199–7209. doi:10.3168/jds.2019-17597
 Madsen, J., Bjerg, B. S., Hvelplund, T., Weisbjerg, M. R., and Lund, P. (2010). Methane and Carbon Dioxide Ratio in Excreted Air for Quantification of the Methane Production from Ruminants. Livest. Sci. 129, 223–227. doi:10.1016/j.livsci.2010.01.001
 Madsen, P., and Jensen, J. (2014). A User’s Guide to DMU, Version 6, Release 5.0 Foulum Box, Tjele Denmark., 8830. 
 Manzanilla-Pech, C. I. V., De Haas, Y., Hayes, B. J., Veerkamp, R. F., Khansefid, M., Donoghue, K. A., et al. (2016). Genomewide Association Study of Methane Emissions in Angus Beef Cattle with Validation in Dairy Cattle1. J. Anim. Sci. 94, 4151–4166. doi:10.2527/jas.2016-0431
 Manzanilla-Pech, C. I. V., Difford, G. F., Sahana, G., Romé, H., Løvendahl, P., and Lassen, J. (2022). Genome-wide Association Study for Methane Emission Traits in Danish Holstein Cattle. J. Dairy Sci. 105, 1357–1368. doi:10.3168/jds.2021-20410
 Manzanilla-Pech, C. I. V., Gordo, D., Difford, G. F., Løvendahl, P., and Lassen, J. (2020). Multitrait Genomic Prediction of Methane Emissions in Danish Holstein Cattle. J. Dairy Sci. 103, 9195–9206. doi:10.3168/jds.2019-17857
 Manzanilla-Pech, C. I. V., Lovendahl, P., Difford, G. F., Pryce, J. E., Schenkel, F., et al. (2021). Breeding for Reduced Methane Emission and Feed-Efficient Holstein Cows: An International Response. J. Dairy Sci. 104, 8983–9001. doi:10.3168/jds.2020-19889
 McDonnell, R. P., Hart, K. J., Boland, T. M., Kelly, A. K., Mcgee, M., and Kenny, D. A. (2016). Effect of Divergence in Phenotypic Residual Feed Intake on Methane Emissions, Ruminal Fermentation, and Apparent Whole-Tract Digestibility of Beef Heifers across Three Contrasting Diets1. J. Anim. Sci. 94, 1179–1193. doi:10.2527/jas.2015-0080
 Moate, P. J., Williams, S. R. O., Deighton, M. H., Pryce, J. E., Hayes, B., Jacobs, J. L., et al. (2014). Mitigation of Enteric Methane Emissions from the Australian Dairy industry.” in Conference. Proceedings of the 6th Australasian Dairy Science Symposium Hamilton New Zealand,  (Hamilton, New Zealand, November 2014). 
 Olijhoek, D. W., Difford, G. F., Lund, P., and Løvendahl, P. (2020). Phenotypic Modeling of Residual Feed Intake Using Physical Activity and Methane Production as Energy Sinks. J. Dairy Sci. 103, 6967–6981. doi:10.3168/jds.2019-17489
 Pickering, N. K., Oddy, V. H., Basarab, J., Cammack, K., Hayes, B., Hegarty, R. S., et al. (2015). Animal Board Invited Review: Genetic Possibilities to Reduce Enteric Methane Emissions from Ruminants. Animal 9, 1431–1440. doi:10.1017/s1751731115000968
 Pryce, J. E., Gonzalez-Recio, O., Nieuwhof, G., Wales, W. J., Coffey, M. P., Hayes, B. J., et al. (2015). Hot Topic: Definition and Implementation of a Breeding Value for Feed Efficiency in Dairy Cows. J. Dairy Sci. 98, 7340–7350. doi:10.3168/jds.2015-9621
 Pszczola, M., Rzewuska, K., Mucha, S., and Strabel, T. (2017). Heritability of Methane Emissions from Dairy Cows over a Lactation Measured on Commercial Farms1. J. Anim. Sci. 95, 4813–4819. doi:10.2527/jas2017.1842
 Veerkamp, R. F., Pryce, D. M., Spurlock, D. P., Berry, P., Coffey, R., Lovendahl, R. F., et al. (2013). "Selection of Feed Intake of Feed Efficiency: A Position Paper from gDMI Breeding Goal Discussions," in Proceedings of the 2013 Interbull Meeting,  (Nantes, France, August 23-25, 2013).47, 15. 
 Richardson, C. M., Nguyen, T. T. T., Abdelsayed, M., Moate, P. J., Williams, S. R. O., Chud, T. C. S., et al. (2021). Genetic Parameters for Methane Emission Traits in Australian Dairy Cows. J. Dairy Sci. 104, 539–549. doi:10.3168/jds.2020-18565
 Sjaunja, L. O., Baeyre, L., Junkkarinen, L., Pedersen, J., and Setala, J. (1991). “A Nordic Proposal for and Energy Corrected Milk (ECM) Formula EAAP Publication 50: Performance Recording of Animals,” in State of the Art 1990, Centre for Agricultural Publishing and Documentation (PUDOC),  (Paris, France, July 2-6, 1991). 
 Sørensen, L. P., Pedersen, J., Kargo, M., Nielsen, U. S., Fikse, W. F., Eriksson, J., et al. (2018). “Review of Nordic Total Merit Index,” in Full Report November 2018:N.C.G.E. (NAV) . Nordic Cattle Genetic Evaluation (NAV). 
 Statbank, Statistics. Denmark (2022). Statics Denmark. Available at: https://www.statbank.dk/statbank5a/default.asp?w=1920 (Accessed December 13, 2022). 
 Stephansen, R. B., Lassen, J., Ettema, J. F., Sorensen, L. P., and Kargo, M. (2021). Economic Value of Residual Feed Intake in Dairy Cattle Breeding Goals. Livest. Sci. 253, 10496. doi:10.1016/j.livsci.2021.104696
 Sypniewski, M., Strabel, T., Cieslak, A., Szumacher-Strabel, M., and Pszczola, M. (2019). Technical Note: Interchangeability and Comparison of Methane Measurements in Dairy Cows with 2 Noninvasive Infrared Systems. J. Dairy Sci. 102, 9512–9517. doi:10.3168/jds.2019-16258
 Sypniewski, M., Strabel, T., and Pszczola, M. (2021). Genetic Variability of Methane Production and Concentration Measured in the Breath of Polish Holstein-Friesian Cattle. Anim. (Basel) 11, 3175. doi:10.3390/ani11113175
 Tempelman, R. J., Spurlock, D. M., Coffey, M., Veerkamp, R. F., Armentano, L. E., Weigel, K. A., et al. (2015). Heterogeneity in Genetic and Nongenetic Variation and Energy Sink Relationships for Residual Feed Intake across Research Stations and Countries. J. Dairy Sci. 98, 2013–2026. doi:10.3168/jds.2014.8510
 Tong, F., Jaramillo, P., and Azevedo, I. M. L. (2015). Comparison of Life Cycle Greenhouse Gases from Natural Gas Pathways for Light-Duty Vehicles. Energy fuels. 29, 6008–6018. doi:10.1021/acs.energyfuels.5b01063
 van Engelen, S., Bovenhuis, H., van der Tol, P. P. J., and Visker, M. H. P. W. (2018). Genetic Background of Methane Emission by Dutch Holstein Friesian Cows Measured with Infrared Sensors in Automatic Milking Systems. J. Dairy Sci. 101, 2226–2234. doi:10.3168/jds.2017-13441
 van Lingen, H. J., Crompton, L. A., Hendriks, W. H., Reynolds, C. K., and Dijkstra, J. (2014). Meta-analysis of Relationships between Enteric Methane Yield and Milk Fatty Acid Profile in Dairy Cattle. J. Dairy Sci. 97, 7115–7132. doi:10.3168/jds.2014-8268
 Waghorn, G. C., and Hegarty, R. S. (2011). Lowering Ruminant Methane Emissions through Improved Feed Conversion Efficiency. Animal Feed Sci. Technol. 166-167, 291–301. doi:10.1016/j.anifeedsci.2011.04.019
 Zetouni, L., Kargo, M., Norberg, E., and Lassen, J. (2018). Genetic Correlations between Methane Production and Fertility, Health, and Body Type Traits in Danish Holstein Cows. J. Dairy Sci. 101, 2273–2280. doi:10.3168/jds.2017-13402
Conflict of Interest: The author JL is employed by the company Viking Genetics.
The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Manzanilla-Pech, Stephansen, Difford, Løvendahl and Lassen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/math_2.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Selecting for Feed Efficient Cows Will Help to Reduce Methane Gas Emissions		Introduction

		Materials and Methods		Methane Data Collection and Editing

		Variance Component Estimation

		Correlated Response of Selection in Past, Current, and Future Scenarios





		Results and Discussion		Heritabilities and Genetic Correlations

		Best Candidate Trait to be Included in the breeding Goal

		Correlated Response of Methane When Selecting for Feed Efficient Cows

		Sensitivity Analysis: Study Case Denmark





		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		References









OPS/images/math_1.gif
0.25Milk (kg) + 12.2 Fat content (kg)
content (kg). I

+ 7.7 Prot






OPS/images/math_4.gif
Density x CH, (L/d), (4)





OPS/images/math_3.gif
HPU

6 BW™ (MBW) + 22 ECM

+ 1.6x10 - 5x (number of days in pregnancy)’. (3)





OPS/images/inline_6.gif





OPS/images/inline_5.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





OPS/images/fgene-13-885932-t005.jpg
Trait Scenarios Input economic values (€) Output response

ECM RFI MBW MeP ECM RFI MBW MeP
MeP SCo 06 0 0 0 4.67 0.30 0.05
SC1 06 -0.2 0 0 4.65 028 0.01
SC2A 06 -0.2 0 -0.005 4.60 026 -0.09
sc2B 06 0.2 0 -0.017 4.42 022 -0.35
RMeP SCo 06 0 0 0 4.67 0.30 0.05
SC1 06 “02 0 0 4.65 028 0.01
SC2A 06 -0.2 0 -0.005 4.64 026 0.02
sc2B 06 -0.2 0 -0.017 4.58 023 0.05
Mel SCo 0.6 0 0 0 4.67 0.30 0.05
SC1 06 02 0 0 4.65 028 0.01
SC2A 06 0.2 0 -0.0083 4.65 027 0.00
sc2B 06 =02 0 -0.0283 4.65 027 0.00

MeP = methane production, RMeP = residual methane production on ECM and MBW, Mel = methane intensity, RFI = residual feed intake on ECM and MBW, ECM = energy corrected
mik, MBW = metabolic body weight (BW”%), SCO = scenario zero, only selecting for ECM, SCT = scenario one, includling and RFl and ECM, SC2n = scenario two, including ECM, RFf and
methane, either MeP, BMeP with different economic values (A






OPS/images/inline_1.gif





OPS/images/fgene-13-885932-t003.jpg
Trait

MeP
MeC
Mel
MeY
RMeP
RMeC

MeP

071 (012)
0.48 (0.16)
0.77 (007)
082 (007)
077 008)

MeC

063 (0.02)
048 (0.16)
058 (0.14)
0.70 (0.11)
0.69 (0.12)

Mel

051 (0.02)
0.48 (0.02)

0.58 (0.14)
085 (0.07)
084 (0.08)

MeY

084 (001)
059 (0.02)
059 (0.02)

0.88 (0.05)
0.95 (0.02)

RMeP

081 (0.01)
063 (0.01)
085 (0.01)
084 (0.01)

0.98 (0.01)

RMeC

052 (0.02)
0.98 (0.00)
056 (0.02)
0.5 (0.02)
065 (0.01)

MeP = methane production, MeC = methane concentration, Mel = methane intensity, MeY = methane yield, RMeP = resiolual methane production on ECM and MBW, RMeC = residual

methane concentration on ECM and MBW. RMeP

ssidual methane production on ECM, MBW, and DMI.





OPS/images/fgene-13-885932-t004.jpg
Trait MeP MeC Mel MeY RMeP RMeC

3 RFI1 0.65 (0.13) 034 (0.18) 028 (0.197 0.16 (0.19° 0.48 (0.15) 0.33 (0.15)
RFI2 0.76 (0.09) 032 (0.17)* 0.05 (0.20° 0.35 (0.16)* 047 (0.15) 0.36 (0.17)
ECM 0.79 (0.05) 0.35 (0.14) -0.54 (0.11) 0.42 (0.12) 0.12 .16 -0.11 (0.16)°
MBW 0.32 (0.14) 026 (017 0.37 (0.14) -0.11 015 0.06 (0.16)* 020 (0.17°

b RFI 0.17 (0.02) 0.12 (0.02) 0.19(0.02) -0.23 (0.02) 0.22(0.02) 0.13(0.02)
RFI2 0.45 (0.02) 0.23 (0.02) -0.09 (0.03) 0.01(0.03)* 0.16 (0.02) 0.09 (0.03)
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MBW 0.19 (0.03) -0.01 (0.03” 0.01 (0.03* 0.04(0.03)* 0.20 (0.03) 000 (0.03*

MeP = methane production, MeC = methane concentration, Mel = methane intensity, MeY = methane yield, RMeP = residual methane production on ECM and MBW, RMeC = residual
methane concentration on ECM and MBW, RFI1 = residual feed intake on ECM and MBW, RFI2 = residual feed intake on ECM, MBW, and BW.
acorrelations not different from zero based on two SE.
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MeP = methane production, MeC = methane concentration, Mel = methane intensity, MeY = methane yield, RMeP = resiolual methane production on ECM and MBW, RMeC = residual
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residual feed intake on ECM and MBW. RFI2 = residual feed intake on ECM. MBW. and BW.
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