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Abstract

Methane emissions (CHg-em) from dairy cows are a major environmental concern, con-
tributing to greenhouse gases and energy loss in dairy cows. This study implemented
advanced data analysis techniques to understand how different diet ingredients and
production traits in dairy production systems can affect methane emissions. We ana-
lyzed a comprehensive meta dataset compiled from 225 peer-reviewed studies including
303 observations across multiple traits, using Bayesian networks and various machine
learning models to explore the relationships between MEs, diet chemical ingredients, and
production traits in dairy cattle. Eight models were applied, including linear models
(OLS, LASSO, ridge, elastic net) and non-linear models (PLSR, spline regression, support
vector machine, Gaussian process), to assess predictive performance. CHy-em showed
correlations ranged from —0.43 (with diet starch; STR) to 0.50 (with neutral detergent fiber;
NDF) for diet-related factors, and 0.18 (with body weight; BW) to 0.29 (with milk yield;
MY) for production traits. Also, Bayesian network analysis indicated that CH4-em was a
downstream variable for diet-related factors and an upstream variable for production traits.
Additionally, the likelihood ratio test identified NDF as significant variable among the diet-
related factors, while MY and milk fat (FAT) were crucial for production traits. non-linear
models, particularly spline regression (SPL) and Gaussian process (GP), outperformed
linear models in predicting CHy-em. For production traits, support vector machine (SVM)
and GP models showed superior predictive capabilities. Model performance was evaluated
using R? and mean squared error (MSE) metrics. We found that while larger cows emitted
more methane overall, they were generally more efficient, as methane intensity decreased
with increasing MY regardless of body size. These findings offer valuable insights for
developing sustainable methane mitigation strategies in dairy cattle production.

Keywords: meta-analysis; nutritional modeling; cattle efficiency; environmental impact;
sustainable livestock
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1. Introduction

Greenhouse gases (GHGs) are crucial in regulating Earth’s climate by trapping heat
in the atmosphere, which is essential for maintaining temperatures that support life. The
approximate percentage contributions of the four major greenhouse gases to total global
greenhouse gas emissions are as follows: carbon dioxide (CO;) accounts for about 76%,
methane (CHy) for approximately 16%, nitrous oxide (N,O) for around 6%, and fluorinated
gases for about 2% (https:/ /www.epa.gov/ghgemissions/inventory-us-greenhouse-gas-
emissions-and-sinks) (accessed on 15 September 2025). These percentages reflect their
respective roles in contributing to global warming and climate change. In the US, GHG
emissions from agriculture account for approximately 11% of total emissions [1,2]. Agricul-
ture is a significant contributor to anthropogenic GHG emissions, particularly CH, and
NO [3]. CHy4 concentrations have been increasing at an unprecedented annual growth rate
of ~17-18 ppb/year in recent years (compared with ~5-8 ppb/year in the early 2000s), and
since 2014, they have been nearing the highest GHG emission scenarios [4,5].

This trend is particularly alarming given methane’s global warming potential (GWP),
which is approximately 28 times greater than that of CO; over a 100-year period. Livestock
have received extra attention for their contributions to GHG emissions along with other
environmental impacts [6-8]. Methane is primarily produced by livestock through enteric
fermentation and manure management, making it a significant contributor to agricultural
GHGs. This process is inherent to the digestive systems of domestic animals. As a result,
livestock such as cattle, swine, sheep, and goats naturally produce methane (CH,) during
digestion. Among these, ruminants like cattle are the most significant emitters due to
their specialized multi-chambered stomachs that support methanogenic archaea. Also,
when animal manure is stored or managed in lagoons or holding tanks, CHy is produced,
including CHy from ruminant digestion, CHy and N,O emissions from manure during
collection and storage, methane and nitrous oxide emissions from crop fields and pastures,
CO; emissions from on-farm energy use, and carbon dioxide emissions generated off-farm
for inputs such as fertilizers and pesticides. Emission levels for each gas were converted to
CO, equivalents to represent their equivalent global warming impact [9,10]. According
to the EPA Greenhouse Gas Inventory (2022) and IPCC Guidelines (2019), a typical dairy
cow emits approximately 143 kg of CHy per year from enteric fermentation and 93 kg
of CHy from manure management, along with 1.4 kg of N,O per year from manure,
equivalent to roughly 7 t of CO; eq. annually; for beef cattle, corresponding values are
95 kg of CHy (enteric), 1.6 kg of CH, (manure), and 0.3 kg of N,O, or about 2.8 t of CO,
eq. annually. GHG emissions pose a significant environmental challenge, warranting
considerable attention due to their accelerating contribution to global warming, disruption
of ecosystems, and increasing frequency of climate-related extreme events such as droughts,
floods, and heatwaves. A significant proportion of total emissions originates from the
agricultural sector, with methane being a particular concern. Methane accounts for nearly
37% of GHG emissions when measured in terms of CO, eq., making it the second most
significant GHG in the agricultural domain, following carbon dioxide [1,2]. Livestock
production contributes substantially to GHG emissions in the agricultural sector, with
beef cattle alone responsible for approximately 15% of methane emissions from manure
management (and dairy cattle accounting for around 46.7%), based on estimates from [3].
It is noteworthy that manure emissions account for over 10% of the total GHG emissions
from agriculture. This highlights the urgent need to quantify and manage emissions at the
farm level, especially in intensive dairy systems where feed composition and productivity
vary widely.

Efforts have been devoted to mitigating methane emissions from beef cattle [4,5],
with studies exploring the efficacy of various feed additives, such as 3-nitroxpropanol
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(3-NOP), nitrates, and halogenated compounds, in reducing methane production within
the cattle’s rumen [6,7]. These additives typically operate by inhibiting methanogens, the
microorganisms responsible for methane production. It is important to acknowledge that
none of these additives have been granted approval by the United States Food and Drug
Administration (FDA) due to concerns regarding their potential toxicity. Consequently,
nutritional strategies that rely on naturally occurring feed components, such as fiber
fractions, offer a safer and more practical alternative for emission reduction.

Hence, the relationship between methane emission and diet chemical ingredients
like neutral detergent fiber (NDF) and acid detergent fiber (ADF), as well as production
variables like milk yield (MY) and meat production in dairy cows, is vital to consider
due to its environmental impact and climate change mitigation potential [8]. Understand-
ing these connections is crucial for developing more sustainable and efficient farming
practices. Therefore, the aim of this study was to understand these connections, which
enables the development of more sustainable and efficient farming practices, reducing the
environmental footprint of dairy production while optimizing productivity and promoting
animal well-being.

2. Results
2.1. Correlations Among Diet Ingredients and Traits

The correlations provide a comprehensive understanding of the relationships between
the amount of CHy-em and ingredients of dairy cattle ratio (Figure 1A). Our analysis
reveals that methane emission correlation with feed components has a range of —0.43
with STR to +0.50 with NDE. A moderate positive correlation was observed between
methane emissions and the dry matter content of the diet (0.36), indicating that higher
dry matter intake may have led to increased methane emissions. Additionally, CHs-em
showed a nearly weak positive relationship with the organic matter of the diet (0.27). On
the other hand, a considerable negative correlation was found between CH4-em and the
crude protein content of the diet (—0.337). Moreover, methane emissions exhibit a high
positive association with neutral detergent fiber (0.50) and acid detergent fiber contents
(0.49), suggesting that higher fiber levels may contribute to increased methane production.
Finally, a moderate negative correlation is observed between CHy-em and the STR con-
tent of the diet (—0.43), indicating that higher STR levels may be associated with lower
methane emissions.
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Figure 1. Correlation heatmap of factors affecting methane production in dairy cattle. (A) Diet
chemical ingredients; (B) production traits. acid detergent fiber (ADF, n = 147), neutral detergent
fiber (NDE, n = 209), dry matter (DM, n = 134), organic matter (OM, n = 190), crude protein (CP,
n = 217), ether extract (EE, n = 133), starch (STR, n = 141), methane emissions (Chs-em, n = 301), milk
yield (MY, n = 273), milk fat (FAT, n = 226), milk protein (PRO, n = 216), lactose (LAC, n = 184), and
body weight (BW, n = 270).
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For the production-related variables (Figure 1B), our analysis showed that the correla-
tion between CHy-em and body weight (BW) was moderate and positive, with a correlation
coefficient of 0.185. This finding is consistent with previous studies that have reported
similar correlations between body weight and methane emissions [11-13]. Additionally,
a moderate positive correlation was observed between methane emissions and MY, with
a correlation coefficient of 0.29. This supports previous research highlighting the posi-
tive association between MY and CHy-em in dairy cattle [14]. In terms of milk chemical
compositions, the correlations between CHy-em and fat content (0.14) and protein content
(0.02) were relatively weak. Furthermore, there was no significant correlation between
methane emissions and milk lactose content (0.01), which is consistent with previous
findings indicating the limited impact of lactose on methane emissions [15].

2.2. ME Based on the Body Weight and Milk Yield Scales

To provide a more comprehensive understanding of methane emissions in dairy sys-
tems, we jointly classified cows based on body weight and MY category (high, medium,
low). This stratified analysis enabled us to assess how combinations of animal size and
productivity influenced total methane emissions, methane yield (per unit DMI), and
methane intensity (per unit MY). Large-size and high-yielding cows showed the high-
est absolute methane emissions (431.9 &+ 71.4 g/day) but had the lowest methane intensity
(10.4 & 2.0 g/kg milk), indicating that the efficient conversion of feed to milk lowered emis-
sions per unit of output. In contrast, large-size and low-yielding cows had substantially
lower milk productivity and correspondingly higher methane intensity (15.1 + 4.2), despite
a lower total CHy output (364.4 & 82.8 g/day). Our results showed methane intensity
tended to decrease with increasing MY, regardless of body size. Larger cows emit more
methane in total but are generally more efficient if they also produce more milk. Small-scale,
low-yield animals are the least emission-efficient group, suggesting that both low produc-
tivity and scale are associated with elevated methane intensity. Small-scale, low-yield
animals are the least emission-efficient group, suggesting that both low productivity and
scale are associated with elevated methane intensity (Figure 2).

2.3. Bayesian Network Structure Learning for the Diet Chemical Components and
Production Traits

The inferred Bayesian network structures are visualized in Figure 3, which focuses
on the variable of methane emission as the core node. Plot A consisted of eight nodes and
14 directed strong arcs that passed the bootstrap threshold at 0.55. A structure learning test
was performed, with mutual information as the test statistic for both feed components and
production variables. The significance level was set at « = 0.01. The results highlighted a
strong association between diet dry matter (DM) and methane emission (ME), indicating
that levels of dry matter were directly associated with methane production and indirectly
by other variables. In the inferred network, DM was a node (driver variable), meaning it
affected the other variables in the network, and CHy-em was a downstream node (response
variable), meaning it received effects from others. In the Bayesian network, upstream
variables such as DM, NDF, and ADF exert direct effects on methane emission, while
“downstream” nodes receive these effects, clarifying cause-effect relationships. The BN
model allows visualization of how indirect relationships (e.g., STR and OM effects mediated
via fiber) contribute to methane output. EE was the only variable that did not show any
causal effect on methane emissions.
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Figure 2. Methane emission metrics across body weight and milk yield categories. Total methane
emissions (g/day), methane yield (g/kg DMI), and methane intensity (g/kg milk) are presented as
mean = standard deviation for each group classified by body weight (Large, Medium, Small) and
milk yield (High, Medium, Low).

(A)

Figure 3. The inferred Bayesian network for diet chemical components (plot A) and production
variables (plot B). ADF: acid detergent fiber (n = 147); NDF: neutral detergent fiber (n = 209); DM: dry
matter (n = 134); OM: organic matter (n = 190); CP: crude protein (n = 217); EE: ether extract (n = 133);
STR: starch (n = 141); CHs-me: methane emissions (n = 301); MY: milk yield (n = 273); FAT (n = 226);
PRO: protein (n = 216); LAC: lactose (n = 184); BW: body weight (n = 270).
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In terms of the quality of the network, the generated Bayesian network exhibited a
BIC score of —1018.212, indicating a good fit of the network to the data. The strength
values range from —10.341 to 0.903, indicating the magnitude and direction of influence
(Table 1). For example, the strength of the arc from OM to CP was —10.341, suggesting a
strong influence of OM on CP. This BIC value was notably lower than the other values in
the table, suggesting a stronger relationship between OM and CP compared with other
variable pairs. Conversely, the arc from OM to STR had a strength BIC of 0.130, indicating
a weaker influence. Similarly, the DM and CH4-em link demonstrated a relatively negative
BIC value of —8.186, further emphasizing their influential association. These two nodes
exhibited a strong negative BIC value, indicating their importance within the network.
On the other hand, arcs involving EE (ether extract) had less negative BIC values, such as
—1.065 for the OM and EE pair and —0.417 for the DM and EE pair. These values, while
still negative, suggested weaker associations between ether extract and the other variables
compared with the pairs with more negative BIC values.

Table 1. Strengths of interactions among nutritional factors and production variables with methane
emission (ME) derived from BN analysis using bootstrapping technique.

Group From ! To BIC Strength?  Direction 3
DM ME ~8.186 0.980 0.700
DM EE —0.417 0.570 0.770
DM NDF 5355 1.000 0.820
OM CP ~10.342 1.000 0.840
oM EE ~1.065 0.740 0.910
. oM STR 0.130 0.880 0.580
Nutritional factors CP EE 0.033 0.890 0.650
NDF ME —7.400 0.940 0.650
ADF ME 0.903 0.850 0.570
ADF CP —4284 0.800 0.880
ADF NDF —3.637 0.750 0.970
STR NDF 0.744 0.950 0.620
ME MY —14.879 0.815 0.662
ME FAT 0.935 0.321 0.634
MY BW —32.287 1.000 0.610
_ _ FAT MY ~10.376 0.937 0.597
Production traits FAT PRO —36.418 1.000 0.583
PRO MY —6.289 0.966 0.502
PRO LAC 1.164 0.163 0.654
PRO BW —4.787 0.728 0.636

1 ADF: acid detergent fiber; NDF: neutral detergent fiber; DM: dry matter; OM: organic matter; CP: crude protein;
EE: ether extract; STR: starch; PRO: milk protein; FAT: milk fat content; LAC: lactose and MY: milk yield. 2 The
strength indicates the frequency of the edge is present. 3 The direction measures the frequency of the direction
conditioned on the presence of edge.

For the production variables (Figure 3, plot B), the BN algorithm highlighted a complex
relationship between CHy-em and various production variables. The CH4-em and BW were
the upstream and downstream nodes, respectively. The BN demonstrated that CH4-em
could exert both direct and indirect effects on MY, FAT, PRO, and LAC content, thereby
influencing the overall productivity and composition of milk. Results showed that CHy-em
has a significant negative impact on MY, as indicated by the high negative BIC value
(—14.879) and a strong strength value (0.815). Furthermore, CH4-em had a positive effect
on FAT content, with a BIC value of 0.935 and a moderate strength value (0.321). The
relationship between MY and BW showed a strong negative impact, with a high negative
BIC value (—32.287), indicating that a higher MY was associated with lower body weight.

FAT showed a negative influence on MY, as evidenced by the BIC value of —10.376 and
a high strength value (0.936). This suggests that a higher fat percentage in milk is linked
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to a decrease in MY. The relationship between milk fat and protein exhibited a significant
negative impact, as reflected by the low BIC value of —36.418 and a strength value of 1. This
indicates that a higher fat content is associated with lower protein content in milk. Protein,
in turn, demonstrated a negative impact on MY, with a BIC value of —6.288 and a high
strength value (0.965). This implies that a higher protein content in milk is associated with a
decrease in MY. The relationship between protein and lactose shows a positive impact, with
a BIC value of 1.164 and a relatively low strength value (0.162). This suggests that higher
protein content is related to an increase in lactose content in milk. Lastly, the relationship
between lactose and BW showed a negative impact, with a BIC value of —4.787 and a
moderate strength value (0.728). This implies that a higher lactose content is associated
with lower body weight.

2.4. Quantifying the Influence of Key Factors on CHy-em

The LRT results from the full and reduced models provided insights into the im-
portance of dietary and production variable on the CHy-em for each variable (Table 2).
Among the feed chemical components, the level of NDF showed a significant impact on
the CHy-em. The positive coefficient of 0.827 (p-value = 0.0029) suggests that for every
unit increase in NDF percentage content, there is an estimated increase of 0.827 g/day
units in CHy-em (bypr = 0.827). On the other hand, the variables DM (bpy = 0.216 and
p-value = 0.598), OM (boym= 2.101 and p-value = 0.535), CP (bcp = —1.69 and
p-value = 0.704), EE (bpg = 0.021 and p-value = 0.868), ADF (bspr= 1.80 and p-value
=0.295), and STR (bstarch = —0.612 and p-value = 0.705), showed less significant impacts
on the ME. The R? for the full models was 0.69, indicating that approximately 69% of the
variation in CH4-em could be explained by the variables included in the model.

Table 2. Regression estimates and model fit statistics for methane emission predictors and likelihood
ratio test (LRT) results.

Group Variable ! b (SE) Chisq. (x?) LRT Pr (>Chisq)
DM 0.216 (0.115) 1.025 0.598
oM 2.101 (1.55) 1.249 0.535
CP —1.69 (0.968) 0.701 0.704
Nutritional factors EE 0.021 (2.69) 0.72 0.868
NDF 0.827 (0.289) 12.166 0.002281 **
ADF 1.80 (0.648) 2.437 0.295
STR —0.612 (0.265) 0.697 0.705
BW 2.106 (0.84) 0.0372 0.847
MY 3.892 (0.95) 25.187 520 x 1077 #**
Production traits FAT 2.572 (1.41) 14.954 1.10 x 104 ***
PRO 0.862 (2.92) 0.7612 0.383
LAC 0.301 (3.49) 0.0262 0.8715

! DMI: dry matter intake; OM: organic matter; EE: ether extract (g/kg DM); NDF: neutral detergent fiber (g/kg
DM); ADF: acid detergent fiber of diet (g/kg DM); FAT: milk fat (g/kg); LAC: milk lactose (g/kg); DM: dry matter
intake (kg/day); MY: milk yield (kg/day); BW: body weight (kg). **, and *** denote significance at p < 0.05, p <
0.01, and p < 0.001, respectively.

For the production-related variables, our findings revealed important insights into
the influence of the production variables on CHy-em in dairy cattle production systems.
Among the variables considered, MY was the most influential factor, with a substan-
tial positive association (byry =3.892) with CHy-em. The LRT confirmed the statistical
significance of this impact (p-value = 5.20 x 10~7), indicating a strong effect of MY on
CHjy-em levels. The other variables showed varying degrees of impacts on CHy-em. Cow’s
BW exhibited another positive impact, although not statistically significant (bgyw = 2.106,
p-value = 0.847). Similarly, both FAT content and PRO displayed positive coefficients
(bpat = 2.572 and bp;, = 0.862, respectively), suggesting a potential influence on
CHg-em. FAT was the second most important variable and had a significant effect
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(p-value = 1.10 x 10~%). Additionally, Lactose demonstrated a negligible impact on CHy-em
levels (bp,. = 0.301, p-value = 0.871). The R? value of the full model was 0.196, indicating
that approximately 19.62% of the variance in CHs-em could be explained by the variables
included in the model.

2.5. CHy-em Prediction Using Machine Learning Models (ML)

Among the linear models, the OLS and EN models showed a similar performance
with an MSE of around 2826 and R? values close to 0.68 (Table 3). These models assume a
linear relationship between diet-related variables and methane emissions, capturing some
of the variability but showing limitations in explaining the full complexity of the data. The
LASSO model also performed similarly with slightly higher MSE and R? values compared
with OLS and EN.

Table 3. Comparison of predictive performance of machine learning (ML) models for diet
and production-related variables in methane emission using mean squared error (MSE) and
R-squared (R?).

Diet Variables Production Variables
Model !
MSE R? MSE R?
OLS 2826.551 0.682 7104.972 0.196
, LASSO 2826.907 0.682 7105.047 0.196
Linear RR 3000.052 0.666 7110.495 0.196
EN 2826.85 0.682 7105.053 0.196
PLSR 2826.963 0.682 7104.972 0.196
. SPL 1494.579 0.832 5764.416 0.348
Non-linear SVM 3011.716 0.731 3652.175 0.595
GP 2242.79 0.844 1969.975 0.861

1 OLS: ordinary least squares; LASSO: least absolute shrinkage and selection operator; RR: ridge regression; EN:
elastic net; PLSR: partial least squares regression; SPL: spline Regression; SVM: support vector machine; GP:
Gaussian process.

The RR model had a higher MSE and a smaller R? compared with other linear models,
indicating that the additional regularization might have affected its predictive performance.
Among the non-linear models, the SPL and GP models were the top performers. The SPL
model demonstrated a lower MSE = 1494.579 and a higher R? = 0.832. The GP model also
performed remarkably well with a MSE = 2242.79 and a high R? = 0.844. The PLSR and
SVM models showed reasonable performance with comparable MSE and R? values, but
they did not match the predictive accuracy of SPL and GP.

For production-related traits, the linear models (OLS, LASSO, RR, EN, and PLSR)
all demonstrated nearly similar performances, with relatively high MSE values around
7100 and low R? values around 0.196. Among the non-linear models, SPL and GP showed
notably better performances compared with the linear models. The SPL model had an MSE
=5764.416 and a higher R? = 0.347, indicating a better fit to the data and a more effective
capturing of non-linear relationships between production traits and methane emissions.
The SVM model had even stronger performance than SPL with a MSE = 3652.175 and a
significantly higher R? = 0.595. The SVM ability to model complex non-linear relationships
contributes to its improved predictive accuracy. The GP model was the top performer
among all models with the lowest MSE = 1969.975 and an impressive R?> = 0.861. The
GP probabilistic approach allows it to effectively capture complex non-linear associations,
leading to superior predictions. Overall, non-linear models (SPL, SVM, and GP) outperform
linear models in predicting methane emissions based on production-related variables.
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3. Discussion

It has been reported that 37% of CHs-em from human activity is the direct result of
the livestock and agricultural practices (https://www.epa.gov/ghgemissions/inventory-
us-greenhouse-gas-emissions-and-sinks) (accessed on 15 September 2025). In this study,
our aim was to quantify the relationship between nutrition-related factors and production
traits in the dairy cow production system using correlation analysis, Bayesian networks
modeling, and machine learning predictive models. Because methane is mainly produced
through rumen fermentation where methanogenic archaea utilize hydrogen from fiber
digestion, the observed associations can be explained by physiological and microbial
mechanisms. Understanding the causal relationship between these factors can significantly
assist producers in optimizing their systems and reducing the emission of greenhouse gases.
Numerous technical strategies have been proposed to mitigate non-CO, greenhouse gas
emissions from livestock systems, including dietary interventions, manure management
practices, and feed additives that directly target rumen methanogenesis.

3.1. Correlations Among Diet Ingredients and Traits

Our findings highlight the importance of dietary fiber fractions (NDF and ADF) and
overall dry matter intake as primary drivers of methane emissions, reflecting their central
role in rumen fermentation dynamics and hydrogen production, which methanogens use
for CHy synthesis. These factors showed stronger relationships and causality impacts on
CHjy-em than the others. Therefore, by optimizing these nutritional factors, dairy farmers
and nutritionists can potentially minimize methane production without compromising
other essential nutritional aspects. For high-yield dairy cows, these results underscore the
need for carefully balancing NDF levels to ensure adequate rumen health and milk fat
synthesis while avoiding excessive fiber that reduces energy density and feed efficiency
and increases methane output. Practical ration adjustments, such as incorporating highly
digestible forages or fiber substitutes, can help maintain production while lowering emis-
sions [15,16]. Such optimization may involve strategic ration balancing, including the use
of feed additives or alternative forages that modulate rumen microbial populations. This
study, utilizing correlation analysis, revealed that CHy-em in dairy cattle had a moderate
positive correlation with DMI and OM in the diet, while a significant negative correlation is
observed with CP. Although CP exhibited a negative trend with methane, this association
was not statistically significant, which may reflect variations in protein source (rumen
degradable vs. undegradable protein), amino acid balance, and nitrogen recycling dy-
namics across studies. Differences in digestibility, dietary formulation, and experimental
design likely diluted this relationship in the meta dataset [17,18]. Also, crude protein
levels may result in lower methane emissions. This trend is consistent with improved
nitrogen utilization efficiency, as protein supplementation can optimize rumen microbial
growth and shift fermentation patterns away from methane-producing pathways, reducing
methanogenesis per unit of feed intake. This suggests that increasing dietary CP alone is
not a consistent methane mitigation strategy unless combined with protein quality opti-
mization and energy—protein synchronization in the rumen [17,18]. This is because fiber
fractions (NDF, ADF) increase hydrogen availability for methanogenesis, while a higher
CP may reduce CH, due to nitrogen metabolism and lower fermentable carbohydrate
provision. Higher levels of NDF and ADF exhibited a strong positive association with
increased methane production, which is expected since fiber-rich fractions undergo exten-
sive fermentation in the rumen. This microbial fermentation process not only enhances
hydrogen production but also shifts the rumen environment toward conditions favoring
methanogenic archaea proliferation. This fermentation process enhances hydrogen produc-
tion, providing substrates that methanogenic archaea utilize for methane synthesis. This
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aligns with previous studies indicating that fiber fractions play a pivotal role in rumen
fermentation dynamics and methanogenesis pathways [19]. The study emphasizes the
multifaceted influences of diet composition and production traits on CHy-em in dairy
cattle. Also reflects that larger, high-producing cows consume greater amounts of feed to
meet energy demands, resulting in proportionally higher methane output even if efficiency
per unit of milk improves. Future research should investigate strategies to manipulate
key dietary components particularly protein forms, degradability, and synchronization
with carbohydrate sources to synergistically reduce methane emissions while maintaining
productivity and animal health.

3.2. MEE Based on the Body Weight and Milk Yield Scales

Dairy cows emit high levels of CH4 which is a major source of greenhouse gas and
therefore possesses detrimental effects to the environment [20]. Moreover, methane results
in energy loss for ruminants, which is assumed to vary between 2% and 12% of gross energy
intake [21,22]. The positive link of BW and MY with methane reflects a higher feed intake
and energy turnover, but methane intensity decreases as MY increases due to improved feed
efficiency. This can be biologically justified because large cows with high MY consume more
feed and ferment more substrate, increasing absolute CHy, but their efficiency improves
as more energy is partitioned to milk, lowering methane intensity. Production-related
traits, including BW and MY, showed moderate positive correlations with ME, while weak
correlations were observed with FAT and protein content, and no significant correlation
was observed with lactose content. These insights could be valuable for optimizing cattle
farming practices and developing strategies to reduce methane emissions effectively. These
results are aligned with other studies, for example, a study on Holstein cows found that
methane intensity (CHs-em, g/kg fat- and protein-corrected milk) was negatively correlated
with MY, with correlations stronger than those with body weight. This suggests that higher-
producing cows emit less methane per kilogram of milk, regardless of their body size [23].

3.3. Bayesian Network Structure Learning for the Diet Chemical Components and
Production Traits

Bayesian network analysis offered a valuable insight into the causal relationships
among diet components, production variables, and methane emissions, which contributed
to a comprehensive understanding of the system’s dynamics. Using BN causality analysis,
DM was identified as a key variable directly associated with methane production, while
OM and STR exhibited indirect relationships mediated by ADF and NDF. EE was the
only variable that did not show a causal effect on methane emission. These causal links
reflect rumen microbial processes, where DM intake regulates fermentation, while OM
and STR effects are channeled through fiber digestibility and hydrogen balance. This
is consistent with established rumen microbiology, where fiber fermentation generates
hydrogen that methanogenic archaea use for CHy synthesis, and higher dry matter intake
increases total fermentation substrate, whereas starch and protein can alter fermentation
patterns and reduce hydrogen availability [23,24]. To further evaluate the structure and
reliability of the Bayesian network, we examined the BIC scores and arc strengths. The
BIC score is a measure of model complexity and goodness of fit, where lower values
indicate better fitting models. Arc strength, in contrast, quantifies how often a causal link
appears across bootstrap samples, providing a measure of confidence in edge direction
and stability. Together, these metrics validate both statistical strength and reliability of
causal links. Examining the specific arcs in the network, we observed the strengths of the
causal relationships between variables. The BIC values in Table 1 illustrate the significance
and relevance of various pairs of variables within the Bayesian network. Additionally,
the strengths of the arcs provide insights into the causal relationships within the network.
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These findings provide a system-level view of how dietary composition and production
variables are interconnected with methane emission, thereby enhancing our understanding
of the factors shaping methane variability in dairy cows.

3.4. Quantifying the Influence of Key Factors on CHy-em

Mitigation of non-CO, greenhouse gas emissions in livestock production increasingly
focuses on nutritional strategies, as diet composition strongly influences enteric methane
output and offers practical options for emission reduction [16]. Our findings are consistent
with those of ref. [25] and ref. [26], which revealed a significant relationship between dietary
neutral detergent fiber (NDF) levels and methane emissions (MEs) in lactating dairy cows.
Increasing the NDF to non-fiber carbohydrate ratios (NDF/NFC) led to decreased DMI,
nutrient digestibility, and milk production across different lactation stages. Notably, higher
NDEF/NFC ratios were associated with elevated methane emissions in cows, demonstrating
a significant increase in daily methane production as these ratios rose. This supports the
biological principle that high fiber diets increase fermentation gas production and reduce
feed conversion efficiency. This is consistent with evidence that fiber-rich diets increase
ruminal acetate production and hydrogen generation, which methanogenic archaea convert
to methane, leading to greater CHy output and reduced energy conversion efficiency [15].
However, it is important to note that the non-significant relationships observed for other
variables in this study suggest the need for further research to explore additional factors
and potential interactions that may contribute to methane emissions in dairy cows. The
results of multivariate regression analysis using linear and non-linear models provided
valuable insights into the relative importance of the investigated variables in explaining
methane emission in dairy cattle. These findings contribute to our understanding of the
complex dynamics governing methane production and can inform the development of
targeted strategies for mitigating GHG emissions in the livestock industry. Further research
is suggested to explore additional factors and refine models for more accurate predictions
and comprehensive mitigation measures.

3.5. CHy-em Prediction Using Machine Learning (ML) Models

In the prediction context, overall, the non-linear models, particularly the SPL and
GP models, outperformed the linear models in predicting CH4-em based on diet-related
variables, highlighting the complex, non-linear relationships between nutritional com-
ponents and methane emissions. This suggests that linear models may oversimplify the
biological interactions involved, whereas non-linear approaches better capture the intricate
dependencies and thresholds inherent in rumen fermentation dynamics. This reflects the
fact that rumen fermentation and animal physiology follow non-linear responses, such
as thresholds and saturation effects, which cannot be captured by linear models. Similar
studies have shown that methane emissions exhibit non-linear relationships with diet
composition due to rumen fermentation kinetics, microbial growth dynamics, and nutrient
passage rates, demonstrating that advanced models such as Gaussian process regression or
mechanistic approaches outperform traditional linear models in capturing these biologi-
cal complexities [27,28]. From a practical perspective, implementing GP- and SPL-based
predictive systems in nutrition software and farm management platforms could allow
real-time diet optimization and methane monitoring, helping producers adjust feeding
strategies proactively. These models can also guide genetic selection and environmental
benchmarking programs by providing accurate methane predictions at the individual cow
level. This implies that non-linear models can better capture the underlying complexities
and non-linearities present in the relationship between diet and methane emissions. The GP
model showed the lowest MSE and a relatively high R?, suggesting that it provides a flexible
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approach for modeling the non-linear associations in the data. The results highlight the im-
portance of considering non-linear relationships when studying the impact of diet-related
variables on methane emissions in dairy cows. However, it is essential to interpret the
models in the context of the specific domain and potential underlying biological processes,
as the predictive performance alone may not be sufficient for drawing conclusive insights.
Further investigations and validation of the models’ results could offer valuable insights
for cattle farming practices and methane reduction strategies. For production-related traits,
the GP model emerged as the best-performing model, indicating its remarkable ability to
capture the intricate relationships between production traits and methane emissions. The
results underscore the importance of considering non-linear associations when examining
the impact of production-related variables on methane emissions in dairy cows.

3.6. Study Limitations and Generalizability

A limitation of this study was that the dataset combined trials differing in breed,
lactation stage, parity, housing, climate, management, and diets. Such variation inflates
residual variance and may obscure true effects of diet components. Therefore, the findings
should be interpreted as general trends across production systems rather than precise
estimates for specific contexts.

4. Materials and Methods
4.1. Meta Data

In this study, we utilized a publicly available large meta dataset collected by Donadia
& Oliveira [9,10] and Donadia et al. [10] from a total of 225 peer-reviewed papers. These
papers and research works were initially found by searching the keywords “dairy cows”
and “methane” in the Science Direct and Web of Science data bases. The dataset comprised
303 observations with methane emission (CHs-em, n = 301) measurements and multiple
diet-related variables, including neutral detergent fiber (NDF, n = 209), acid detergent fiber
(ADF, n = 147), dry matter (DM, n = 134), organic matter (OM, n = 190), crude protein
(CP, n = 217), ether extract (EE, n = 133), and starch (STR, n = 141). Production-related
variables included body weight (BW, n = 270), milk yield (MY, n = 273), milk protein (PRO,
n = 216), milk fat (FAT, n = 226), lactose (LAC, n = 184), and dry matter intake (DMI,
n = 255), all measured in dairy cows across multiple studies. Prior to analysis, the dataset
underwent data preprocessing to handle missing values and ensure data integrity. The
response variable, ME, was measured in grams of methane per kilogram of diet intake. Our
primary focus was to understand how CHy-em was affected by the feed components and
how it could impact production traits. This dataset was chosen to capture the diversity of
feeding systems, nutrient compositions, and production levels observed in dairy systems,
thereby enabling a robust evaluation of diet-methane relationships that are central to
ruminant nutrition research. Also, through statistical analyses and modeling techniques,
we aimed to discern the relationship between these feed variables, production features, and
methane emissions. Understanding these relationships could provide valuable insights
into agricultural sustainability and the environmental impact of dairy farming practices.

4.2. Variable Importance Quantification

We conducted likelihood ratio tests (LRTs) to quantify the importance of each variable
when predicting CHy-em based on the production and diet-related variables [25]. The LRT
was performed by comparing the full model, where all variables were included, to reduced
models, where one variable at a time was removed while keeping the rest of the variables.

Reduced model)
L(Full model)

LRT = —2In (L( ) = 2x(logL(Full model) — logL(Reduced model))
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For each scenario, we used the Im() function in R to fit the full model and the reduced
models. The Irtest() function from the “Imtest” package was then used to perform the
likelihood ratio test and obtain the Chi-square test statistics. Additionally, the cor() function
in R was implemented to estimate the Pearson’s correlation coefficients, which quantify
the linear relationship between pairs of variables. Correlation is a powerful tool that pro-
vides valuable insights into the degree of relationship and association between continuous
variables. We applied LRTs and correlation analysis to identify which nutrients and pro-
duction traits had the greatest influence on methane emissions, helping to prioritize dietary
strategies that could mitigate methane output while supporting ruminant productivity.

4.3. Learning Interrelationship Structures Among Variables Using Bayesian Network

We inferred the causal relationships between feed components and production-related
variables using Bayesian networks (BNs). BNs are probabilistic graphical models that
represent dependencies among variables through directed acyclic graphs (DAGs) [26]. The
“bnlearn” R package version 5.1 was utilized for the inference process [27]. Prior to infer-
ence, we performed data preprocessing, including centering and scaling the datasets using
the scale() function in R. For the feed component variables, we conducted the inference
using the growth shrinkage (GS) algorithm and for the production-related traits, the hybrid
two-phase constraint (H2PC) algorithm was used. We selected the best-performing algo-
rithm for each set of variables, which produced networks consistent with known biological
relationships among each pair of variables. Also, we considered 500 bootstrap iterations
(R =500) to obtain reliable estimates for each network. The boot.strength() function was
used to compute the bootstrapped edge strength for each variable pair based on the GS and
H2PC algorithms. The averaged.network() function was then used to obtain the average
network from the bootstrapped results, by setting a threshold of 0.05. The graphviz.plot()
function was used to visualize the resulting Bayesian network with nodes. Additionally, the
Bayesian information criterion (BIC) with Gaussian priors (bic-g) was employed to score the
model’s fit, and the arc strength was calculated using the same criterion [27,28]. We applied
Bayesian networks to explore complex interdependencies among feed nutrients, intake
levels, and production outcomes, allowing us to uncover conditional relationships and
potential causal pathways that may explain how diet formulations affect methane emissions
and milk composition. This approach enables nutritionists to visualize nutrient trade-offs
and better understand indirect effects that are not apparent from simple regression models.

4.4. Machine Learning Predictive Models

In our study, we utilized a range of machine learning models to examine the influence
of dietary and production-related variables on methane emissions. These models were
categorized into linear and non-linear types based on their characteristics. The following
linear models were included: 1—ordinary least squares (OLS), which assumes a linear
relationship between predictor variables and methane emissions, aiming to minimize the
sum of squared differences between predicted and actual emissions; 2—least absolute
shrinkage and selection operator (LASSO), a linear regression model with L1 regularization
that adds a penalty term to the OLS objective, promoting some coefficients to be exactly
zero and thus performing feature selection; 3—ridge regression (RR), a linear model with
L2 regularization, that was employed to prevent multicollinearity and overfitting by intro-
ducing a penalty term to the OLS objective; and 4—elastic net (EN), which combines the
features of both LASSO and ridge regression by incorporating both L1 and L2 regularization
techniques to balance feature selection and regularization. Moreover, we employed four dis-
tinct non-linear models, which included the following: 1—partial least squares regression
(PLSR), which addresses the multicollinearity among predictor variables by creating latent
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variables that explain the maximum variance in both diet-related variables and methane
emissions; 2—spline regression (SPL), which captures the non-linear relationships between
diet-related variables and methane emissions using piecewise polynomials; 3—support
vector machine (SVM), which was adapted for regression to identify a hyperplane that best
fits the data, minimizing prediction errors for methane emissions based on diet-related
variables; and 4—Gaussian process (GP), a probabilistic regression model that captures un-
certainty in predictions using Gaussian distributions, making it effective for small datasets
and capable of modeling non-linear relationships [29,30]. We implemented this diverse set
of machine learning approaches to benchmark predictive accuracy and identify the most
effective modeling strategy for methane prediction in dairy systems, which could guide
ration formulation and emission monitoring in precision ruminant nutrition.

To evaluate the performance of each machine learning model, we employed two key
metrics: mean squared error (MSE) and R-squared (R?). MSE measures the average squared
difference between predicted and actual methane emissions, with lower values indicating
better predictive accuracy. R? represents the proportion of variance in methane emissions
explained by the model, with higher values indicating a better fit and suggesting that the
model captures more variability in methane emissions. The best-fitting model was selected
based on the highest R? and lowest MSE values. The analyses were conducted in the R

“

environment using various packages: “gplm” for Gaussian process regression models,
“e1071” for SVM modeling, “glmnet” for regularized linear regression models (LASSO and
ridge regression), “pls” for PLSR, “kernlab” for kernel-based methods, and “splines” for
SPL [30,31]. By applying these machine learning models and evaluation metrics to our
dataset, we aimed to identify the most influential diet-related factors and production traits
affecting methane emissions in dairy cows. The results provide valuable insights into the
relationships between diet-related variables, production traits, and methane emissions,

contributing to a comprehensive understanding of methane production in cattle farming.

5. Conclusions

In conclusion, this study addresses the significant environmental impact of methane
emissions from dairy cattle and quantifies the relationships between diet-related factors
and production traits. The results highlight the influential role of NDF, ADF, and DM
in shaping methane emissions, confirming their importance across diverse production
contexts. Correlation analysis and Bayesian network modeling provided a system-level
assessment of how diet composition and production traits jointly influence methane dynam-
ics, while non-linear models, particularly SPL and GP, demonstrated superior predictive
performances compared with linear approaches.

Beyond methodological insights, these findings carry practical implications for the
design of precision feeding strategies. By identifying key dietary factors that consistently
influence methane output, the study provides actionable targets for ration formulation
and individualized feeding adjustments. Integrating these relationships into decision-
support tools and precision nutrition systems can help producers optimize diets to improve
productivity while reducing methane emissions. Such approaches align environmental
sustainability with herd efficiency, offering a pathway toward climate-smart livestock
management. However, limitations include the reliance on observational data and the
need for validation across different herd environments. Future research should explore
intervention-based trials and microbial-level analyses to refine predictive models and
deepen understanding of diet-emission mechanisms. Overall, this study identifies key
dietary drivers of methane emissions and demonstrates the value of advanced predictive
modeling, offering clear, actionable strategies for precision feeding and climate-smart
dairy management.
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