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Abstract: (1) Background: This study explores the correlation between volatile fatty acid (VFA)
concentrations and methanogenesis in ruminants, focusing on how the nutritional composition of
their diets affects these processes. (2) Methods: We developed predictive models using multiple
linear regression, artificial neural networks, and k-nearest neighbor algorithms. The models are based
on data extracted from 31 research papers and 16 ruminal in vitro fermentation tests to predict VFA
concentrations from nutrient intake. Methane production estimates were derived by converting and
clustering these predicted VFA values into molar ratios. (3) Results: This study found that acetate
concentrations correlate significantly with neutral detergent fiber intake. Conversely, propionate and
butyrate concentrations are highly dependent on dry matter intake. There was a notable correlation
between methane production and the concentrations of acetate and butyrate. Increases in neutral
detergent fiber intake were associated with higher levels of acetate, butyrate, and methane production.
Among the three methods, the k-nearest neighbor algorithm performed best in terms of statistical
fitting. (4) Conclusions: It is vital to determine the optimal intake levels of neutral detergent fiber
to minimize methane emissions and reduce energy loss in ruminants. The predictive accuracy
of VFA and methane models can be enhanced through experimental data collected from diverse
environmental conditions, which will aid in determining optimal VFA and methane levels.

Keywords: methane production; nutrient intake; ruminant metabolism; volatile fatty acid

1. Introduction

Ruminant feed is categorized into two main types: coarse forage, composed of struc-
tured carbohydrates, and an enriched concentrate containing non-structured carbohydrates.
Carbohydrates, ingested as feed, undergo microbial decomposition in the rumen, giving
rise to volatile fatty acids (VFAs). VFAs represent crucial metabolites, contributing up to
75% of the total metabolic energy of ruminants [1,2]. Among VFAs, acetate (C2) constitutes
around 70%, propionate (C3) 20%, and butyrate (C4) 10% [3]. These percentages are on a
molar basis. The proportion of C2 derived from pyruvate escalates with increasing forage
consumption [4,5]. Propionate levels, which also rise with increased feed intake, play a
pivotal role in body fat formation [6,7]. Additionally, propionate, which plays a signifi-
cant role in methane production, is also a major contributor to gluconeogenesis. Butyrate,
typically produced during acetate–lactate fermentation by Clostridium butyricum, is asso-
ciated with the development of rumen papilla [8,9]. The VFAs exhibit a close relationship
with hydrogen dynamics, where C3 utilizes hydrogen, and C2 produces hydrogen [10,11].
Most of the hydrogen generated in this process is eventually converted into methane by
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methanogens. Methane is primarily produced by hydrogenotrophic methanogens using hy-
drogen as a substrate, while the contribution of acetoclastic methanogenesis, which utilizes
acetic acid, is relatively minor. This methane production leads to an energy loss of 2–12%
in ruminants [12,13]. Reducing methane production is urgent due to its 21-times-higher
global warming potential than carbon dioxide [14]. Methane production varies based on
VFA composition, and ruminal VFAs change according to feed intake and feed nutrient
composition. Therefore, accurate prediction of VFAs and methane levels resulting from
feed intake is crucial for both global environmental sustainability and farm productivity.

Several studies have employed multiple linear regression (MLR) to predict rumen VFA
concentrations using feed nutrients as independent variables [15–17]. In addition, some
studies have used VFA concentrations in the rumen to predict methane production [18–21].
Although MLR exhibits excellent predictive accuracy in linear data structures, its accuracy
diminishes with complex interrelationships. Artificial neural networks (ANNs) have
proven valuable in studying the complex process of rumen fermentation, demonstrating
high accuracy in predicting rumen fermentation patterns [22,23]. Li et al. [24] reported
superior model performance indicators, such as R2 (R-squared) for ANN compared to
MLR in predicting VFA, albeit without significant accuracy improvement. Previous studies
have highlighted the efficacy of the k-nearest neighbor (KNN) algorithm, a nonparametric
method, in predicting volatile fatty acids from nutritional components and methane from
volatile fatty acid content in complex, nonlinear data structures [25].

This study utilizes three distinct predictive algorithms (MLR, ANN, KNN) to forecast
volatile fatty acid (VFA) levels based on nutrient intake, as well as methane production
from rumen metabolites. The primary goal is to evaluate the impact of feed nutrient intake
on VFA production and methanogenesis within the rumen. All models developed in
this research leverage these algorithms, and their predictive accuracies are compared to
identify the most suitable model for predicting VFAs and methane levels. Additionally,
this study predicts VFAs in the rumen using feed nutrient intake data and then utilizes
these predicted VFAs to estimate methane production. This methodology aims to provide a
practical solution for overcoming the challenges of measuring gaseous methane directly on
farms, by offering a way to predict farm-specific methane emissions based on feed intake
levels. This approach intends to support farm management in optimizing feeding strategies
and mitigating methane emissions effectively.

2. Materials and Methods
2.1. Data Collection and Descriptive Statistics

Descriptive statistics for the data collected from 31 articles are presented in Table 1,
including 16 in vitro experiments conducted in a laboratory (Table 2). Volatile fatty acid
concentrations were predicted based on the intake of dry matter (DM), crude protein (CP),
ether extract (EE), organic matter (OM), neutral detergent fiber (NDF), acid detergent
insoluble fiber (ADF), and total digestible nutrients (TDN).

Table 1. Summary of means of the data used for predicting volatile fatty acid concentrations and
methane production.

Study * Animal Type N DMI C2 C3 C4 TVFA CH4

Ahn et al. [26] Beef vit - - 26.64 19.41 11.60 57.66 -
Beauchemin et al. [27] Beef vivo 4 8.61 52.68 34.03 9.43 97.53 110.70
Beauchemin et al. [28] Beef vivo 4 6.42 53.86 18.66 8.53 85.05 150.25
Beauchemin et al. [29] Beef vivo 3 5.69 65.27 19.20 10.50 103.17 99.17
Beauchemin et al. [30] Dairy vivo 4 19.33 60.45 25.93 9.14 110.50 265.75

Benchaar et al. [31] Dairy vivo 4 24.45 62.00 22.33 12.50 95.03 484.25
Biswas et al. [32] Beef vivo, vit 5 6.04 35.12 16.71 17.61 69.43 -

Bougouin et al. [33] Dairy vivo 4 22.80 37.96 8.96 5.60 54.20 438.50
Bougouin et al. [34] Dairy vivo 4 18.50 38.66 11.31 6.70 59.10 355.78
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Table 1. Cont.

Study * Animal Type N DMI C2 C3 C4 TVFA CH4

Guyader et al. [35] Dairy vit 2 - 70.40 16.13 9.84 90.66 251.55
Hassanat et al. [36] Dairy vivo 3 23.60 67.23 19.33 10.67 98.11 483.33

Hatew et al. [37] Dairy vivo 4 18.98 68.48 16.13 11.40 99.96 415.25
Holtshausen et al. [38] Dairy vit 3 - 58.67 23.20 13.56 140.65 377.90

Jeon et al. [39] Beef vivo, vit 24 7.35 48.50 15.19 11.10 75.08 -
Jeong et al. [40] Beef vit - - 35.54 15.84 11.76 64.69 -
Kim et al. [41] Beef vit - - 48.34 39.44 7.34 95.13 -
Kim et al. [42] Beef vit - - 56.74 28.18 12.93 102.23 -
Kim et al. [43] Beef vit - - 61.04 27.66 23.52 118.05 -
Kim et al. [44] Beef vivo, vit 5 6.03 23.45 14.46 15.47 53.37 -
Kook et al. [45] Beef vivo, vit 45 6.89 68.37 26.75 17.26 122.30 -
Lee et al. [46] Beef vit - - 37.83 14.951 7.9 64.06 -
Lee et al. [47] Beef vivo, vit 4 8.43 32.87 10.64 5.26 51.20 -

Mamuad et al. [48] Beef vivo, vit 27 9.35 41.98 16.81 13.48 72.27 -
Miguel et al. [49] Beef vit - - 55.32 18.98 13.00 87.29 -
Moate et al. [50] Dairy vivo 32 22.15 64.43 25.24 10.56 104.25 449.25
Nogoy et al. [51] Beef vivo, situ 2 5.63 37.47 14.74 2.52 60.68 -
Park et al. [52] Beef vit - - 13.29 8.92 2.23 58.58 -

van Zijderveid et al. [53] Dairy vit - 19.90 77.68 27.88 18.91 130.6 343.50
Yang et al. [54] Beef vit, situ 2 - 25.30 14.58 5.15 47.53 -
Yang et al. [55] Beef vit - - 49.23 20.48 12.82 87.15 -
Yoo et al. [56] Beef vit - - 44.84 16.22 10.71 80.71 -

* vit, rumen in vitro fermentation experiments; vivo, rumen in vivo fermentation experiments; situ, in situ
experiments; N, number of animals; DMI, dry matter intake (kg/d); C2, acetate (mM); C3, propionate (mM); C4,
butyrate (mM); TVFA, total volatile fatty acid (mM); CH4, methane (g/d).

Table 2. Nutrient intake and ruminal production data used for predictive modeling.

Item 1 N Mean SD 2 Minimum Median Maximum

Nutrient intake (kg/d)

DM 98 14.34 6.20 5.63 13.65 25.20
CP 71 2.06 1.22 0.68 1.29 4.23
EE 8 0.57 0.47 0.23 0.28 1.22

OM 24 11.97 6.66 5.63 6.81 21.44
NDF 68 5.11 2.39 1.08 4.09 9.81
ADF 68 2.97 1.61 0.30 2.38 5.87

Diet composition (% of DM)

CP 219 13.12 4.45 1.44 14.50 19.58
EE 160 2.52 1.32 0.46 2.31 7.16

OM 176 94.01 3.22 86.11 94.20 98.88
NDF 211 36.88 16.97 2.70 1.70 70.88
ADF 205 22.10 11.82 1.70 22.48 49.83
TDN 23 73.88 6.93 54.80 71.45 88.00

Ruminal production (mM)

C2 251 50.57 15.12 12.61 52.40 81.35
C3 251 19.24 6.60 5.14 17.98 45.70
C4 251 9.56 5.38 0.39 10.10 34.44

TVFA 251 85.15 24.85 24.74 87.39 156.52

Methane
(g/d) 88 304.86 151.09 62.10 419.35 635.00

1 DM, dry matter; CP, crude protein; EE, ether extract; OM, organic matter; NDF, neutral detergent fiber; ADF,
acid detergent fiber; TDN, total digestible nutrients; C2, acetate; C3, propionate; C4, butyrate; TVFA, total volatile
fatty acid. 2 N, number of data; SD, standard deviation.
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In vitro fermentation data were analyzed by combining the results from the papers
and laboratory experiments conducted over 24 h. Additionally, VFAs were presented as
molar ratios to align with the in vivo data.

2.2. In Vitro Batch Fermentation

Two non-lactating dairy cows with rumen cannulas were donors for ruminal inoculum.
Feed was provided at specific intervals (8:00 a.m. and 5:00 p.m.). Ruminal fluid collected
before morning feeding was mixed, filtered through cheesecloth, placed in an insulated
bottle at 39 ◦C and transferred to the laboratory. This fluid was mixed with McDougall’s
buffer [57] and artificial saliva (1:4 v/v ratio). Afterward, 50 mL of this buffered rumen
fluid was dispensed into individual 250 mL serum bottles containing pre-weighed 0.5 g
substrate and additive. Experiments were conducted in triplicate (n = 3) using a fully
randomized experimental design. Serum bottles were sealed to maintain anaerobicity, and
carbon dioxide (CO2) gas was dispensed to ensure anaerobic conditions. Gas production
was monitored after 24 h of incubation at 39 ◦C.

2.3. Measurement of Rumen Fermentation Parameters

Quantifying the outcome of our experiments involved a multi-faceted approach. The
total gas produced was meticulously measured using 100 milliliter (mL) calibrated glass
syringes attached to a 20-gauge, 30.5 cm needle (Popper®, Fisher Scientific, Hampton, NH,
USA). For in vitro experiments, gases were collected using aluminum packs with rubber
inserts. Subsequent analysis involved using the gases collected in these aluminum gas
packs. We adopted the method proposed by Lopez et al. [58] with slight modifications for
the quantification of CH4 and H2. Gas chromatography (HP7890, Agilent Technologies,
Santa Clara, CA, USA), equipped with a thermal conductivity detector and a capillary col-
umn, was utilized for this purpose. The VFA analysis, another integral aspect of our study,
involved stabilizing samples with the addition of 0.2 mL of 25% (w/v) metaphosphoric acid
(Sigma-Aldrich, St. Louis, MO, USA), followed by analysis using gas chromatography [59].
Furthermore, ammonia-N was determined according to Chaney and Marbach [60].

2.4. Development of the Prediction Models

The data were normalized using the following equation before developing the predic-
tion models:

xnorm =
x − xmin

xmax − xmin
(1)

In Equation (1), xnorm is the normalized data set, x is the observed data set, xmin is the
minimum value of the data set, and xmax is the maximum value of the data set. The MLR
equation used for the dependent variable Y and independent variable groups x and β is as
follows:

Y = β0 + β1x1 + β2x2 · · · βnxn + ε (2)

In Equation (2), β represents the linear regression coefficients, and ε represents the error.
After developing the model, the data were denormalized using the following equation to
match the units of the predicted and observed values:

xdenorm = xnorm(xmax − xmin) + xmin (3)

In Equation (3), xdenorm is the denormalized data and xnorm, xmin, and xmax are as
defined before. To predict dry matter intake in the rumen in vitro experiment, independent
variables were designated as C2, C3, C4, and total volatile fatty acid. Residual nutrient
intake was calculated based on predicted DMI and played a crucial role in forecasting
volatile fatty acid concentrations. A volatile fatty acid prediction model was developed
to anticipate the produced amounts of acetate (MC2, mol/100 mol), propionate (MC3,
mol/100 mol), butyrate (MC4, mol/100 mol), and TVFAs (mM) using feed nutrient intake
as an independent variable. In addition, C2, C3, and C4 were calculated using TVFA, and
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then the predicted and observed values were visualized and compared. To construct a
methane prediction model, MC2, MC3, MC4, and TVFA were clustered using the K-means
(KM) clustering algorithm:

J =
k

∑
j=1

n

∑
i=1

∥∥∥xj
i − cj

∥∥∥2
(4)

In Equation (4), J is the objective function, k is the number of clusters, n is the number
of cases, xi is the case i, and cj is the centroid for cluster j. Initial clustering of volatile fatty
acids was performed using the K-means clustering algorithm, with the number of clusters
determined by the elbow criterion, dependent on the data type. A predictive model for
methanogenesis was then developed using the clustered volatile fatty acids as independent
variables. The significance of each regression coefficient was verified using the ordinary
least squares method (OLS) to verify the prediction models.

y =
1
k

k

∑
j=1

yij (5)

In Equation (5), y is the prediction of k-nearest neighbor, k is select k closest instances,
i is the independent variable, and j is the dependent variable. In this study, k values were
set from 1 to 10 and analyzed, and all KNN models were developed using the k value with
the smallest root mean squared error (RMSE):

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (6)

In Equation (6), n represents the number of observations, ŷi is the observed value for
the ith observation, and ŷi is the predicted value for the ith observation. All models based
on the ANN algorithm used the Rectified Linear Unit (ReLu) as the activation function:

z = f (
n

∑
i=1

xiωi) (7)

In Equation (7), z represents the prediction of the ANN model, f is the activation
function, x represents input data, w represents weights, and n represents the number of
input layers. The ANN model was developed with three hidden layers. Additionally, the
k-nearest neighbor equations used for the DMI, VFA, and methane prediction models were
different, and the ANN made predictions in the same manner as the MLR algorithm.

2.5. Statistics Analysis

Each prediction model was validated when development confirmed the prediction
accuracy by obtaining the RMSE and R2 (coefficient of determination):

R2 = 1 − ∑(yi − ŷ)2

∑(yi − y)2 (8)

where n is the number of observations, yi is the observed value for the ith observation, ŷ is
the predicted value, and y is the mean value of y. The MAE (mean absolute error) of the
measured and predicted values was calculated as follows:

MAE =
1
n

n

∑
i=1

|yi − ŷ| (9)

where n is the number of observations, yi is the observed value for the ith observation,
and ŷ is the predicted value. All data arrangement, model development, and visualization
analyses were performed using Python software (version 3.9.5).
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3. Results and Discussion
3.1. Development of a Predictive Model for Dry Matter Intake Using In Vitro Volatile Fatty Acids
in the Rumen

Predicting dry matter intake (DMI) is a crucial aspect of our study, as accurate pre-
dictions can significantly reduce discrepancies between in vitro and in vivo fermentation
tests. We employed various algorithms, including MLR, KNN, and ANN, to develop pre-
dictive models. Figure 1 visually represents the predicted and observed values, providing
immediate insight into each model’s performance.
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Figure 1. Comparison of multiple linear regression (MLR), k-nearest neighbor (KNN), and artificial
neural network (ANN) models: (A) Multiple linear regression (MLR) model; (B) k-nearest neighbor
(KNN) model (k = 1); (C) Artificial neural network (ANN) model; R2, coefficient of determination;
MAE, mean absolute error; RMSE, root mean squared error.

The observed DMI ranged from 5 to 25 kg/d. To assess model effectiveness, we used
metrics such as R2, MAE, and RMSE. Although these metrics do not provide absolute
evaluation standards, they are essential for comparing models and identifying those with
the highest predictive accuracy [61]. In Figure 1A, the MLR model shows the highest vari-
ance among the algorithms. In Figure 1B, the KNN model displays the highest predictive
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accuracy, though it risks overfitting, especially with smaller values of k [62]. To mitigate
this risk, we conducted a k-elbow test beforehand, enlarging the dataset and adjusting
the k value using the elbow method for K-means clustering. The optimal k value was
determined based on the within-cluster sum of squares, where the rate of decrease sharply
slowed (the “elbow”), ensuring robustness and minimizing overfitting risks. Despite these
precautions, the KNN model perfectly predicted both DMI and total digestible nutrient
(TDN) levels, achieving an R2 of 1. The ANN model, shown in Figure 1C, demonstrates
moderate variance and achieved an R2 of 0.89 when predicting DMI, indicating a notably
high level of predictive accuracy.

3.2. Volatile Fatty Acid Prediction Model Using Nutrient Intake of Cattle

The calculated feed nutrient intake, based on the predicted DMI values, adhered to
the guidelines of the National Research Council [63], ensuring that all nutrient intakes
remained within the normal range. In the development of an optimization model, the
choice of an appropriate algorithm is critical as it must align with the characteristics of the
data. Predicted nutrient intake values varied, with the error percentage ranging between
5% and 15%, depending on the algorithm employed. Table 3 provides insight into the
regression coefficients and constants of the MLR model for predicting volatile fatty acids.
These coefficients are fundamental in explaining the linear relationship between response
and predictor variables [64], highlighting the intricate dynamics within the system. Obser-
vations revealed that MC2, closely related to the NDF content, increased proportionally
to forage intake. Notably, MC2 (r = 0.80) displayed substantial regression coefficients for
nutrient detergent fiber intake (NDFI), while MC3 exhibited the highest positive regression
coefficient for DMI. The TVFA content was highest in DMI, with a notable correlation coeffi-
cient (r = 2.74). The positive correlation between DMI and TVFA concentrations highlights
that, as feed intake increases, the production of volatile fatty acids also increases until
microorganisms in ruminants reach a saturation point for fermentation and decomposition.
In each predictive model, DMI and total digestible nutrient intake (TDNI) exhibited a
negative correlation. For cows, high acetate production, associated with forage intake, is
vital for milk production. The negative relationship observed in this study, based on the
data of Korean cattle and dairy cattle, suggests that DMI and TDNI have a substantial
impact on all volatile fatty acids, potentially offsetting high values in the prediction. Our
comprehensive analysis confirmed the validity of regression coefficients for all variables
at a significance level of 5% (p < 0.05). Consequently, further studies focusing on nutrient
intake and volatile fatty acid production according to livestock breeds are essential for a
precise understanding of these relationships.

Table 3. Summary of equations for each MLR model of coefficients and constants for predicting
volatile fatty acids according to nutrient intake.

Models * b1 b2 b3 b4 b5 b6 b7 a p-Value

MC2 −2.64 0.19 0.26 0.97 0.80 −0.19 1.00 0.54 <0.05
MC3 1.14 −0.19 −0.27 −0.38 −0.37 −0.16 −1.11 0.93 <0.05
MC4 1.57 −0.21 −0.07 −0.19 −0.12 −0.07 −0.30 0.12 <0.05
TVFA 2.74 −0.17 −0.20 −1.00 −1.03 0.30 −1.15 0.58 <0.05

* Model equation = b1DMI + b2CPI + b3EEI + b4OMI + b5NDFI + b6ADFI + b7TDNI + a; MC2, acetate (mol/100
mol); MC3, propionate (mol/100 mol); MC4, butyrate (mol/100 mol); TVFA, total volatile fatty acid (mmol/L);
DMI, dry matter intake (kg/d); CPI, crude protein intake (kg/d); EEI, ether extract intake (kg/d); OMI, organic
matter intake (kg/d); NDFI, neutral detergent fiber intake (kg/d); ADFI, acid detergent fiber intake (kg/d); TDNI,
total digestible nutrient intake (kg/d).

Figure 2 illustrates the visualization of predicted and observed values of the volatile
fatty acids MC2, MC3, and MC4 across each algorithm. When using the MLR prediction
model, the R2 for MC4 was 0.85, while the R2 for MC3 was 0.76, emphasizing the model’s
accuracy in predicting MC3. The KNN-based volatile fatty acid prediction model, utilizing
linear data, demonstrated superior accuracy over the other algorithms, achieving an R2
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of 1 and an MAE of 0. However, it is crucial to acknowledge the potential for overfitting,
particularly with limited data sets. The KNN algorithm tends to overfit under such circum-
stances, leading to an overly optimistic estimate of the model’s predictive power. In this
study, the KNN algorithm showed a propensity to overfit due to the limited available data.
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Figure 2. Plots of observed and predicted volatile fatty acids according to each algorithm: (A) Acetate
(MC2, mol/100 mol); (B) Propionate (MC3, mol/100 mol); (C) Butyrate (MC4, mol/100 mol); R2,
coefficient of determination; MAE, mean absolute error; RMSE, root mean squared error.

The MC2 model, employing an ANN algorithm, showed exceptional performance,
boasting an R2 of 0.96, MAE of 0.02, and RMSE of 0.03 within a linear data distribution.
Transitioning to the ANN model’s predictions for MC3 and MC4 yielded R2 values of 0.89
and 0.90, respectively, highlighting a high level of accuracy with the MC3 model demon-
strating the greatest accuracy. The KNN model showed superior accuracy in predicting
TVFA concentrations compared to the ANN and MLR models (Figure 3). Despite signifi-
cant data deviation, all models demonstrated excellent performance in predicting TVFA
concentrations, underscoring their robust predictive capabilities. Both KNN and ANN
models emerged as the top performers among the models tested. Contrary to some studies
that suggest lower accuracy when using data sets with molar ratios compared to units [65],
this study demonstrates that these ratios can still provide highly accurate predictions. The
overall findings underscore the robustness and reliability of the employed algorithms in
predicting TVFA concentrations, even in the presence of substantial data variability.
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Figure 3. Comparison of observed and predicted values of total volatile fatty acid with the compo-
sition of nutrient intake as a dependent variable, according to each algorithm: (A) Multiple linear
regression (MLR) model; (B) k-nearest neighbor (KNN) model (k = 1); (C) Artificial neural net-
work (ANN) model; R2, coefficient of determination; MAE, mean absolute error; RMSE, root mean
squared error.

3.3. Development of a Methane Prediction Model Using k Clusters of Volatile Fatty Acids

Methanogenesis, which is intimately linked to the production of ruminal volatile
fatty acids and significantly influenced by the rumen environment [66], prompted the
development of a predictive model for methane production to better understand and
manage its dynamics in the rumen. The resultant number of predicted data clusters with
each model was three (Figure 4). Table 4 provides a summary of the methane production
prediction accuracy for each algorithm and K-means cluster. Methanogenesis shows a high
correlation with acetate considering their close association with the rumen. Furthermore,
butyrate, produced during acetate–lactate fermentation, plays a role in methanogenesis [67].
Regression coefficients for MC2 and MC4 within the KM0 and KM2 clusters, as indicated
in the MLR prediction equation (Table 4 footnote), highlight acetate and butyrate as critical
factors in methanogenesis. A scatterplot visualizing the clustered VFAs dataset (Figure 5)
allows for a comparison of the distribution of predicted methane production data with
observed values.
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Figure 4. Elbow curve plot of selected k values for K-mean clusters of volatile fatty acids [68]:
(A) Multiple linear regression (MLR) model; (B) K-nearest neighbor (KNN) model (k = 1);
(C) Artificial neural network (ANN) model; CS, within-cluster sum of squares.

In the case of MLR (Figure 5A), despite a constant slope in all clusters, the prediction
accuracy was relatively low due to a wide distribution between the observed and predicted
values. The KNN algorithm (Figure 5B) shows consistent prediction and observation
across the clusters, except for the KM0 cluster. The deviation in the KM0 cluster may be
attributed to the unique characteristics of the data, generating substantial methane despite
an increase in propionate. The ANN model (Figure 5C) demonstrates a more constrained
data distribution than the MLR model, except in the KM1 cluster. KNN demonstrates the
lowest predictive power in the KM0 cluster, with an R2 of 1 in the KM1 and KM2 clusters.
For the ANN, the R2 of KM1 is 0.88 and the R2 of KM2 is 0.99, confirming high predictive
power. MLR exhibits the lowest predictive power in KM1 and the highest error rate among
the three algorithms, thereby indicating that the KNN algorithm serves as a more effective
method for clustered methane prediction.

Overall, methane production varies with the production of MC2 and MC4, as butyrate,
generated through acetic acid/lactic acid formation, undergoes conversion to methane
along with hydrogen [9,12]. These findings confirm that the amount of methane produced
by ruminants is closely linked to the concentrations of acetate and butyrate present.
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Table 4. Comparisons of the multiple linear regression-, k-nearest neighbor-, and artificial neural
network-based models for predicting methane production.

Variable KM0 2 KM1 KM2

N 18 51 19

Observed mean 317.88 313.46 269.46

Predicted mean

MLR 1 317.88 313.46 269.46
KNN 327.15 313.46 269.46
ANN 312.82 338.98 279.93

R2

MLR 0.83 0.56 0.80
KNN 0.95 1.00 1.00
ANN 0.94 0.88 0.99

MAE

MLR 0.09 0.16 0.12
KNN 0.02 0.00 0.00
ANN 0.05 0.08 0.03

RMSE

MLR 0.11 0.21 0.14
KNN 0.06 0.00 0.00
ANN 0.07 0.11 0.04

1 MLR, multiple linear regression; KNN, k-nearest neighbor; ANN, artificial neural network model; R2, coefficient
of determination; MAE, mean absolute error; RMSE, root mean squared error. 2 KM0 equation, 0.05MC2 −
0.96MC3 + 0.06MC4 − 0.20TVFA + 0.95 (p < 0.05); KM1 equation = −0.94MC2 − 0.6MC3 + 0.19MC4 + 0.16TVFA +
0.92 (p < 0.05); KM2 equation = 0.07MC2 − 0.48MC3 + 0.31MC4 − 0.77TVFA + 0.87 (p < 0.05).
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Figure 5. Comparison of predicted versus observed methane values cluster using the K-mean
algorithm according to each model: (A) Multiple linear regression (MLR) model; (B) k-nearest
neighbor (KNN) model (k = 1); (C) Artificial neural network (ANN) model; KNN model is 1 of k
value based on the RMSE minimum.

4. Conclusions

This study highlights the effectiveness of employing K-nearest neighbor (KNN) models
in predicting volatile fatty acid (VFA) concentrations from various predictors such as
dry matter intake (DMI), neutral detergent fiber intake (NDFI), organic matter intake
(OMI), and total digestible nutrient intake (TDN). The results demonstrate that specific
VFAs, notably acetate (MC2) and butyrate (MC4), are significantly influenced by NDFI,
while propionate (MC3) shows a high sensitivity to DMI. Within the K-means clusters
used in our models (KM0, KM1, KM2), acetate and butyrate are confirmed as key factors
affecting methane production. This suggests that the concentrations of these VFAs are
critical in methanogenesis, as their levels significantly influence the substrates available for
methanogens. The cluster analysis shows distinct patterns of influence.

The interplay among these VFAs suggests the need for tailored predictions for both
VFA and methane concentrations, which may require integrating both in vitro and in vivo
experimental approaches to enhance predictive accuracy. The study also underscores
that increased NDFI significantly raises levels of acetate and butyrate, leading to higher
methane production. This relationship indicates potential strategies to mitigate methane
emissions by adjusting NDFI levels in ruminant diets, as modifying fiber intake can alter
VFA production and consequently affect methanogenesis.

Measuring methane directly on farms presents significant challenges. The models
we have developed for predicting volatile fatty acid (VFA) concentrations and methane
emissions, validated across diverse environmental data, offer a promising solution. By
utilizing dietary nutrient content and dry matter intake, these models can accurately
estimate methane production. This approach provides a practical tool for both ongoing
research and real-world applications in ruminant nutrition, simplifying the complex process
of methane measurement and enhancing the management of dietary strategies.

When applying the model results, it is crucial to leverage the strengths and mitigate the
weaknesses of each algorithm. This approach would enhance the evaluation and application
of the models in predicting methane emissions and optimizing feeding strategies for
ruminants. By addressing these aspects, we can refine the models’ accuracy and enhance
their practical utility in diverse environmental settings.

In conclusion, while our models offer valuable predictive capabilities, future research
should focus on expanding the dataset to cover a broader range of conditions and conduct-
ing extensive real-world validations. By addressing these aspects, we can refine the models’
accuracy and enhance their practical utility in diverse environmental settings.
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