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Abstract 1 

The linear mixed-effects models demonstrated moderate predictive performance, with adjusted 2 
R² values ranging from 0.811 to 0.820 and CCC values around 0.900. The inclusion of animal ID 3 
as a random effect appropriately accounted for the repeated-measures structure of the dataset and 4 
explained additional between-animal variation, as indicated by the estimated variance 5 
components and ICC values. The relatively small difference between marginal and conditional 6 
R² suggests that most of the predictive ability originated from the fixed effects, particularly the 7 
CH4/CO2 ratio, whereas repeated measurements within animals contributed a smaller but non-8 
negligible proportion of variance. This study aimed to develop and compare multiple linear regression 9 
(MLR) and machine learning (ML) models, including scikit-learn linear regression and artificial neural 10 
networks (ANN), to predict methane emissions from Holstein dairy cows in Korea. Methane emissions 11 
and associated variables, including body weight, dry matter intake, energy-corrected milk, and CH₄/CO₂ 12 
ratio, were measured using the GreenFeed system. The MLR models demonstrated moderate predictive 13 
performances, with adjusted R² values ranging from 0.811 to 0.820. Machine-learning models, 14 
particularly ANN models, outperformed MLR, achieving higher adjusted R² values (up to 0.839), lower 15 
root mean square errors (RMSE), and higher concordance correlation coefficients (CCC). Among the 16 
ANN models developed Models 4 and 5 showed the best predictive performance, with CCC values of 17 
0.925 and 0.929, respectively. These results highlight the potential of artificial intelligence approaches to 18 
predict enteric methane emissions in dairy cattle accurately. Future studies should focus on expanding the 19 
datasets and validating the models in diverse production environments to enhance their practical 20 
applicability in sustainable livestock management and greenhouse gas mitigation strategies. 21 
 22 
Keywords : Methane emissions, GreenFeed system, Multiple linear regression, Artificial neural network, 23 
Korean Holstein cattle 24 

Introduction 25 

Atmospheric greenhouse gases, including carbon dioxide (CO2), chlorofluorocarbons (CFCs), methane 26 
(CH4), tropospheric ozone, and nitrous oxide (N2O) have contributed significantly to climate change over 27 
the past half-century1. The beef and dairy industries account for approximately 14.5% of global greenhouse 28 
gas (GHG) emissions, with enteric methane (CH4) emissions contributing nearly 40% of this total2. Thus, 29 
understanding and reducing livestock methane emissions is essential to meeting the GHGs mitigation 30 
targets outlined by the UN Framework Convention on Climate Change. In Korea, recent Net Zero 31 
Emissions by 2050 (NZE Scenario) have emphasized the importance of reducing livestock methane 32 
emissions3,4.  33 
Among livestock, Ruminal methane emissions are a normal process that occurs during the microbial 34 
fermentation of complex carbohydrates in the rumen. The first step in reducing these emissions is to 35 
accurately measure methane output from dairy cows. Methane emissions have been evaluated using both 36 
direct measurement and modeling approaches. Among direct measurement, there are two methods to direct 37 
measurement techniques: respiration chambers and the GreenFeed (GF) system5.  38 
Respiration chambers provide accurately and precisely measurement of CH4 and CO2 by enabling 39 
continuous monitoring under a controlled environment. They eliminate external influences, making them 40 
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useful for studying the effect of reducing methane on feed additives or nutrition. However, these methods 41 
are expensive, labor-intensive, and impractical for large-scale use. In contrast, GF system, developed by C-42 
Lock Inc. provide a portable and less intrusive alternative. It measures ruminant methane emissions during 43 
natural behavior, allowing scalability and flexibility for field trials6,7. By collecting and analyzing exhaled 44 
breath, the GF system provide reliable and repeatable measurements in field conditions8,9,10. Compared with 45 
respiration chambers, the GF system is more scalable and suitable for long-term and large-scale monitoring 46 
of methane emissions in various environments11,12. 47 
Model-based approaches rely on equations incorporating feed components, feed intake, and animal 48 
information. Ghilardelli (2022) developed a equations for predicting CH4 emissions with volatile fatty acid 49 
production derived from fermentation tests of in vitro system based on the rumen fluid13.  Other equation 50 
have used mid-infrared vibrational spectroscopy or large dataset to estimate methane emission14,15,16. 51 
Several studies have developed equations to estimate methane emissions based on multiple linear regression 52 
(MLR) and meta-analyses. These equations incorporate factors such as nutrient intake, digestibility, gross 53 
energy in-take (GEI), live weight (LW), energy-corrected milk (ECM), the CH4/CO2 ratio, and dry matter 54 
intake (DMI)17,18. Generally, ruminal CH4 is directly produced by methanogens in the rumen, while CO2 is 55 
a major by-product of fermentation, generated in proportion to volatile fatty acid production. Because CH4 56 
and CO2 are produced simultaneously in fermentation pathways, their ratio reflects the metabolic balance 57 
in the rumen. This ratio normalizes methane output against total gas exchange, making it less sensitive to 58 
short-term fluctuations. In addition, Suzuki et al(2021) have shown that CH4 and CO2 is a reliable predictor 59 
of methane emissions in dairy cattle.  60 
Multiple linear regression (MLR) analysis is a widely used modeling approach for evaluating CH4 61 
emissions. A challenge in implementing the MLR technique is that these assumptions may not always be 62 
fulfilled, which may lead to biased results and failure to provide satisfactory predictions. However, ML 63 
algorithms are beneficial when handling non-linear and complex datasets without any prior assumptions, 64 
even if the datasets are noisy and imprecise. This includes ML algorithms such as artificial neural networks 65 
(ANN). 66 
Therefore, the aim of this study is to construct multiple linear regression (MLR) and machine learning (ML) 67 
models based on CH4/CO2 ratio, and to evaluate their predictive performance by comparing predicted 68 
methane emission estimate from traditional MLR with those from ML models, using GF system data 69 
collected from Holstein cows in Korea.  70 

  71 
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Materials and Methods 72 

Measurement of methane and carbon dioxide emissions 73 

Methane (CH4) and carbon dioxide (CO2) emissions from dairy cows were individually measured using a 74 
GF system (C-Lock Inc., Rapid City, SD), installed in a free-stall barn. The GF system is designed to collect 75 
and measure gases emitted by individual animals, which are identified using radio frequency identification 76 
(RFID) tags during animal visits. Prior to gas measurements, adaptation training was conducted to 77 
familiarize the animals with the GF system, specifically to maintain proper head positioning within the GF 78 
system. The dust filters were replaced when the airflow rate decreased to 27 L/s. The accuracy of the system 79 
was calibrated before the experiment using a CO2 recovery test, with an average recovery rate of 104.2 ± 80 
5.99%. 81 
Gas measurements were conducted by luring the cows into the site using pelleted concentrate as bait. The 82 
exhaled gases were collected and filtered for dust, and the airflow rate was measured. The collected gas 83 
samples were then analyzed using a non-dispersive infrared sensor to determine the concentrations of CH4 84 
and CO2. Gases exhaled by individual animals were sampled at 9-hr intervals over a four-day period, 85 
resulting in a total of eight measurements per animal. During each measurement, 100 to 150 g of the 86 
concentrate was pre-measured and placed in the feed bin to facilitate the entry of individual animals. Upon 87 
entry, the RFID tag of each animal was identified. Each gas measurement lasted for a minimum of 5 min 88 
per animal and the entry and exit times for all animals were recorded. A waiting period of 2-3 min was 89 
provided between measurements to avoid data overlapping. The remaining feed was weighed after each 90 
measurement to adjust dry matter intake. Calculated methane and CO2 emissions (g/d) data were transferred 91 
to the C-Lock server, where the data were processed and presented to the laboratory. 92 
All experimental procedures in this study were approved by the Institutional Animal Care and Use 93 
Committee (IACUC) of Konkuk University (Permit numbers: KU23156, KU23234). All methods were 94 
carried out in accordance with the relevant guidelines and regulations. This study is reported in accordance 95 
with the ARRIVE guidelines (https://arriveguidelines.org). 96 
 97 

Data description and processing 98 

Individual feed intake was measured over a 4-day period. The total mixed ration (TMR) offered and refusals 99 
were weighed and recorded daily to estimate individual feed intake. The total dry matter (DM) intake was 100 
calculated by adding the concentrate supplied during gas measurements with the GF system, along with the 101 
additional concentrate provided by the TMR. The DM content was corrected by oven drying (60℃ for 48h) 102 

samples of TMR and concentrate. The TMR was offered after morning milking, and a concentrate was 103 
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provided during each gas measurement. Feed refusals were weighed individually on the day after the feed 104 
was offered. 105 
The cows were milked twice daily (07:00 and 16:00) in a tandem milking parlor, and individual milk yields 106 
were recorded during each milking. Milk samples were obtained by mixing milk from the morning milking 107 
(50%) and evening milking (50%), resulting in a total of 40 mL of milk sampled daily. After mixing, 108 
samples were stored at 4 ℃ with the addition of milk preservative (Broad Spectrum Microtabs IITM, 109 

Advanced Instruments, MA, USA). Milk component analysis was carried out using an automatic milk 110 
analyzer (CombiFoss 7 DC, FOSS, Hillerød, Denmark), including fat and protein percentages obtained. 111 
Energy-corrected milk (kg/d) was calculated using Equation 1 (Tyrrell & Reid, 1965) as follows:  112 
 113 
ECM = Milk yield (kg/day) × (376 × Milk Fat (%) + 209 × Milk Crude protein (%) + 948) / 3138         (1) 114 
 115 
The data used to develop the model for estimating cow methane emissions were obtained from the GF 116 
system, and various physiological indicators, including daily building intake and body weight, were 117 
collected during the measurement period. Following examination of the descriptive statistics of the 118 
collected data, histograms and normality tests were conducted to identify the characteristics of the dataset. 119 
In addition, outliers were selected for removal. Because the range of features (variables) in the dataset can 120 
vary, which can result in suboptimal model performance, it is recommended that the data be normalized to 121 
enhance the learning efficiency of the ANN model. In this study, all data points in the ANN model were 122 
normalized to the interval (0, 1) using the min-max normalization expression. Normalization was performed 123 
by applying min-max normalization using Equation 2. 124 
 125 

𝑋𝑋𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  =  
𝑋𝑋 − 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚

𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 −  𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚
           (2) 126 

 127 
Here, Xnorm represents the normalized value, X signifies the existing value, Xmin denotes the minimum value 128 
of the dataset, and Xmax indicates the maximum value of the dataset. A normalized dataset was employed 129 
to train the model. 130 
Feature selection is a crucial phase in building a predictive model, as it can significantly impact its 131 
predictive capacity. Feature selection was conducted by examining the correlation between variables and 132 
implementing a variance inflation factor (VIF) analysis. The correlation between variables was evaluated 133 
using Pearson's correlation coefficient and represented as a heat map using the Python Seaborn Library. In 134 
instances where the correlation between variables was high, less important variables were removed to 135 
minimize the adverse effects on model performance. Furthermore, a VIF analysis was conducted to identify 136 
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instances of multicollinearity and ascertain the extent of the correlation between the variables. For each 137 
feature, a VIF score was calculated, and features with values exceeding a predefined threshold were 138 
excluded. The threshold for the VIF analysis was set to 10, and variables with VIF scores below this 139 
threshold were selected. The VIF scores were calculated using statsModel in python. 140 
 141 

Multiple linear regression and machine learning 142 

Because the dataset consisted of repeated measurements collected from the same animals, methane 143 
prediction equations were developed using linear mixed-effects models (LMMs) to account for within-144 
animal correlation. Fixed effects included CH4/CO2 ratio, BW, ECM, and DMI according to the feature 145 
selection results, whereas animal ID was included as a random intercept effect. Models were fitted using 146 
the lme4 package in R. Missing observations were excluded prior to model fitting. Model performance was 147 
evaluated using adjusted marginal R², adjusted conditional R², root mean square error (RMSE), and 148 
concordance correlation coefficient (CCC). In addition, random-effect variance, residual variance, and the 149 
intraclass correlation coefficient (ICC) were estimated to quantify the contribution of between-animal 150 
variation. 151 
We developed an estimation equation based on a mixed model to estimate methane emissions. The fixed 152 
effects used in the model were ECM, DMI, CH4/CO2 ratio, and BW, which introduced the results of the 153 
feature selection process. The random effect was determined as an individual. The Lme4 module in R was 154 
used to develop the mixed model. 155 
Artificial intelligence models have been employed to enhance models developed using conventional 156 
statistical techniques. These models were developed using MLR and ANN models. The data were split into 157 
training and test sets to train the AI models for the selected variables. The data were divided into two distinct 158 
sets: a training set and a test set. The training set was further divided into ten subsets that were used to 159 
establish the validation set. The ratio of the training set to the test set was 8:2. train_test_split module in 160 
scikit-learn was employed to partition the data, and the scikit-learn k-fold function was used for a 10-fold 161 
cross-validation. The AI model was calibrated using MLR in scikit learn and Keras in Tensorflow, and 162 
hyperparameter optimization was conducted prior to model fitting. 163 
Hyperparameter tuning of the ANN model was conducted using Kerastuner in TensorFlow and a candidate-164 
based validation method. The numbers of dense layers, nodes per layer, epochs, and batch sizes were 165 
adjusted. In Kerastuner, the number of dense layers was set between one and six, and the number of nodes 166 
per layer was set between 16 and 512 in increments of 16. The number of epochs was set between five and 167 
500, and the batch size was set between five and 35 in increments of five. 168 
 169 

Model evaluation 170 
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The adjusted R², root mean squared error (RMSE), and concordance correlation coefficient (CCC) were 171 
employed as the model evaluation metrics for the MLR, ML, and ANN models. Adjusted R² is an indicator 172 
used to evaluate the explanatory power of a model in a regression analysis. The performance of the model 173 
was evaluated by considering the number of variables. The RMSE was calculated by squaring the prediction 174 
errors, averaging them, and taking the square root. A smaller RMSE value indicates that the model 175 
prediction is closer to the actual value. The CCC is a statistical metric that evaluates the agreement between 176 
two variables and is used to assess how well a dataset of predicted and measured values matches. By 177 
comparing the three metrics, the performances of the MLR, ML, and ANN models were evaluated.  178 
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Results 179 

 180 

We used data from the automatic milking system (AMS) to construct MLR and ML models in this study. 181 
Similarly, Suzuki et al(2021) developed MLR model by using CH4/CO2 ratio, body weight (BW), dry matter 182 
intake (DMI), and energy-corrected milk (ECM) collected from AMS in dairy cattle in Japan. Based on this 183 
study, we used four features as input variables, then constructed MLR and ML models to evaluate their 184 
predictive performance for methane emissions in Holstein cows in Korea.  185 
The first step was to develop methane prediction equations using linear mixed-effects models implemented 186 
in the lme4 package in R, followed by the construction of machine-learning models using scikit-learn and 187 
artificial neural network libraries. 188 
Schematic overview of the analysis workflow for the development of MLR and ML models is presented in 189 
Figure 1. To compare the model performance, predicted equations for both MLR and ML models were 190 
developed. The first step is to develop the predicted equation of MLR using the ‘lme4’ option of the R 191 
program, and the second is to construct the model using Scikit-learn and the artificial neural network library 192 
for machine learning 193 
 194 

Descriptive statistics and feature selection 195 

A knowledge-based approach was used to relevant features. As reported by Suzuki et al. (2021), BW, DMI, 196 
ECM, and CH4/CO2 ratio were effective predictor of methane emissions in lactating Holstein cows. 197 
Accordingly, these four features were adopted for model construction in this study. 198 
A total of 352 observations (44 cows with eight repeated measurements per animal) were collected using 199 
the GF system. After excluding observations containing missing values, 346 observations were used for 200 
mixed-model analyses. 201 
Descriptive statistics of the CH4/CO2 ratio, body weight (BW), DMI, and ECM are presented in Table 1. 202 
Total three hundred fifty-two data of each features were collected for each feature using the GF system. As 203 
shown in Table 1, The mean ± SD value were 343.484 ± 94.618 g/day for CH4 emissions, 0.023 ± 0.005 204 

for CH4/CO2 ratio, 633.496 ± 49.660 kg for BW, 25.732 ± 2.402 kg/day for DMI, and 22.981 ± 5.045 for 205 
ECM. 206 
Based on previous study reported by Suzuki et al (2021), BW, DMI, ECM, and CH4/CO2 ratio features 207 
were used in this study to develop the MLR and machine learning models. The correlation coefficients and 208 
variance inflation factors of selected four features (VIF) are shown in Figure 2. As shown in Figure 2A, 209 
significant (p < 0.05) correlations were observed between BW and DMI (r = 0.432), BW and ECM (r = 210 
0.526), and DMI and ECM (r = 0.341). The VIF of the four features are presented in Figure 2B. VIF value 211 
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are an evaluation index used to determine the reliability of the model as a measure of multicollinearity in 212 
MLR model development. While feature with VIF < 5 are generally preferred, we applied a threshold of < 213 
10 to ensure stability and interpretability of the models. As shown in Figure 2B, the CH4/CO2 ratio had the 214 
lowest VIF score (3.19) among those features, while BW, DMI, and ECM had VIF values of 5.53, 5.36, 215 
and 6.39, respectively. Accordingly, we selected these four features for developing the MLR and ML 216 
models.  217 
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Development of MLR for prediction of methane emissions  218 

We first developed MLR model to compare the performances of the MLR and ML, the initial step was to 219 
construct an MLR model with BW, DMI, CH4/CO2, and ECM. The regression equations derived from BW, 220 
ECM, DMI, and CH4/CO2 ratio to predict methane emissions in Holstein cows, measure with the GF system, 221 
are shown in Table 2. 222 
Model performance was evaluated using adjusted marginal and conditional R², RMSE, and concordance 223 
correlation coefficient (CCC), with particular emphasis on CCC as an indicator of agreement between 224 
predicted and observed values. When BW, ECM, and CH4/CO2 ratio were used as independent variables, 225 
the model had an adjusted R² of 0.811, an RMSE of 38.7, and a CCC of 0.906. When DMI was added as a 226 
fourth variable, the adjusted R² increased to 0.820 and RMSE decreased to 37.7. However, the CCC value 227 
declined slightly to 0.900. These results indicate that accounting for repeated measurements at the animal 228 
level provided additional explanatory power while maintaining high predictive agreement between 229 
observed and predicted methane emissions. 230 
Model performance was evaluated using Adjusted R2, RMSE, and concordance correlation coefficient 231 
(CCC), with particular emphasis on CCC as an indicator of agreement between predicted and ovserved 232 
values. When BW, ECM, and CH4/CO2 ratio were used as independent variables, the model had and 233 
Adjusted R2 of 0.811, an RMSE of 38.7, and a CCC of 0.906. When DMI was added as a fourth variable, 234 
the Adjusted R2 value increased 0.820, the RMSE value decreased 37.7. However, the CCC  value declined 235 
slightly to 0.900. indicating weaker despite improvement in Adjusted R2 and RMSE. This result highlights 236 
the importance of CCC as a robust criteria for assessing predictive reliability, beyond conventional fit 237 
statistic. 238 
 239 

Development of ML for prediction of methane emissions  240 

Next, we developed ML models to evaluate whether they could outperform traditional MLR model. These 241 
models included scikit-learn linear regression and artificial neural network algorithms trained with three 242 
and four input features. The scikit-learn model was implemented using ‘LinearRegression’ option, while 243 
ANN model were trained using the same feature and adjusted parameters through hyperparameter tuning 244 
(learning rate, batch size, number of folds for cross-validation, regularization strength (alpha), and number 245 
of layers). 246 
Models performance was evaluated using the adjusted R², RMSE, and CCC values, with particular 247 
emphasis on CCC as an indicator of agreement between predicted and observed methane emissions. As 248 
shown in Table 3, changes in the adjusted parameters influenced the adjusted R², RMSE, and CCC values 249 
of the ANN models. In particular, Model 1 exhibits the highest adjusted R² and RMSE values, whereas 250 
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Model 4 exhibits the lowest RMSE value. With three features, ANN model 1 consisted of one input layer 251 
(3), two hidden layers (49-49), and one output layer (1), trained with 10-fold cross-validation, a 252 
regularization strength of 0.001, a learning rate of 0.1, and a batch size of 64. With four features, ANN 253 
model4 consisted of one input layer (4), one hidden layer (1), and one output layer (1), trained with 5-fold 254 
cross-validation, a regularization strength of 0.01, a learning rate of 0.1, and a batch size of 64. 255 
Among the ANN models, if the highest adjusted R2 was prioritized, Models 2 and 3 were optimal. However, 256 
when RMSE and CCC were considered, Model 4 and 5 performed best. Model 4 achieved the lowest RMSE 257 
(35.310) and slightly higher CCC (0.925), while Model 5 had a slightly higher RMSE (35.810) but the 258 
highest (0.929). Although Models 2 and 3 (BW, ECM, CH4/CO2, and DMI) showed the highest adjusted 259 
R2, Models 4 and 5 were considered as optimal because their lower RMSE and higher CCC indicated 260 
greater prediction accuracy and consistency. The comparative performances of the Scikit-learn and ANN 261 
models for predicting methane emissions using three and four features are summarized in Table 4.  262 
For the three-feature model, the scikit-learn model had an adjusted R² of 0.853, an RMSE of 33.523, and a 263 
CCC of 0.926, while The ANN Model 1 showed a slightly lower adjusted R² of 0.847 and a higher RMSE 264 
of 38.827, but a comparable CCC of 0.928. These results suggest that although scikit-learn provided better 265 
model fit and lower prediction error, the ANN model exhibited slightly stronger agreement with observed 266 
methane emissions. 267 
For the four-feature models, The Scikit-learn model achieved an adjusted R² of 0.820, RMSE of 35.980, 268 
and CCC of 0.913. ANN Model 4 improved the performance with an adjusted R² of 0.839, RMSE of 35.310, 269 
and CCC of 0.925, while ANN Model 5 showed an adjusted R² of 0.830, RMSE of 35.810, and the highest 270 
CCC among the four feature models (0.929). 271 
Taken together, the inclusion of an additional feature (DMI) slightly improved the ANN model performance, 272 
particularly in terms of CCC. while scikit-learn regression performed better with three , ANN models 273 
consistently showed higher CCC values across both feature sets, indicating their robustness in predicting 274 
methane emissions. 275 
 276 

Comparison of predicted performance between MLR and ML models  277 

When using three features (BW, ECM, and CH4/CO2), the Scikit-learn ML model showed stronger 278 
agreement with observed methane emissions than MLR, with a higher CCC (0.926 vs. 0.900), along with 279 
improved Adjusted R2 (0.853 vs. 0.811) and lower RMSE (33.523 vs. 38.738). The ANN Model1 280 
demonstrated a strong performance, achieved a comparable Adjusted R² of 0.847 and the highest CCC 281 
value of 0.928 among the three-feature models.  282 
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When DMI was added as a fourth feature, slight improvements in prediction accuracy were observed across 283 
all models. The ANN Model4 had the lowest RMSE (35.310) and highest CCC (0.925), while ANN Model5 284 
showed the highest CCC (0.929) among all the models tested.  285 
Taken together, these results indicate that ML models, particularly Artificial Neural Networks, 286 
outperformed MLR in predicting methane emissions and that the inclusion of DMI as an additional feature 287 
contributed to enhanced model performance. 288 
 289 

  290 
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Discussion 291 

In the present study, we compared the predictive performance of MLR and machine learning (ML) models, 292 
including scikit-learn and ANN algorithms, for estimating methane emissions from Holstein dairy cows in 293 
Korea. Based on results reported by Suzuki et al. (2021), methane emissions were measured using the GF 294 
system, and body weight (BW), dry matter intake (DMI), energy-corrected milk (ECM), and the CH4/CO2 295 
ratio were used as input data for model development. 296 
The linear mixed-effects models demonstrated moderate predictive performance, with adjusted R² values 297 
ranging from 0.811 to 0.820 and CCC values around 0.900. The inclusion of animal ID as a random effect 298 
appropriately accounted for the repeated-measures structure of the dataset and explained additional 299 
between-animal variation, as indicated by the estimated variance components and ICC values. The 300 
relatively small difference between marginal and conditional R² suggests that most of the predictive ability 301 
originated from the fixed effects, particularly the CH4/CO2 ratio, whereas repeated measurements within 302 
animals contributed a smaller but non-negligible proportion of variance. 303 
The MLR models demonstrated moderate predictive performance, with adjusted R2 values of 0.811-0.820  304 
and CCC values around 0.900. These results are consistent with previous studies16, which reported similar 305 
predictive performances using comparable variables. Notably, the CH4/CO2 ratio proved to be an indicator, 306 
reflecting its strong physiological relationship with enteric methane production and its ability to normalize 307 
short-term fluctuations in gas exchange19. However, because the CH4/CO2 ratio is directly associated with 308 
methane production during rumen fermentation, models including this variable should primarily be 309 
interpreted as calibration models based on breath gas composition rather than fully independent methane 310 
prediction models. Therefore, caution should be taken when interpreting model performance based on this 311 
variable. In contrast, relatively weak correlations were observed between CH4 emissions and BW, DMI, 312 
and ECM, suggesting that multivariate models are necessary to capture complex interactions affecting 313 
methane production. 314 
The machine learning models developed with the scikit-learn linear regression algorithm outperformed 315 
MLR, particularly in terms of CCC. With three features (BW, ECM, and CH4/CO2 ratio), the Scikit-learn 316 
model had an adjusted R2 of 0.853 and RMSE of 33.523, outperforming the MLR model (adjusted R2 = 317 
0.811, RMSE = 38.738). Similarly, with four features (BW, ECM, DMI, and CH4/CO2 ratio), the Scikit-318 
learn model maintained an adjusted R2 of 0.820 and slightly lower RMSE compared to MLR, suggesting 319 
that even with simple linear modeling, ML frameworks can optimize predictive capacity through improved 320 
data handling and regularization techniques inherent to modern libraries. 321 
Among all the evaluated models, the ANN model demonstrated the best overall predictive performance. 322 
The ANN models had adjusted R2 values of up to 0.839 and CCC values of up to 0.929. ANN Model 4, 323 
which was developed with four input datasets, showed the lowest RMSE (35.310) and ANN Model 5 had 324 
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the highest CCC (0.929), indicating excellent agreement between the predicted and observed values. This 325 
superior performance is likely due to the ability of ANN models to capture complex nonlinear relationships 326 
between predictor variables and methane emissions that conventional linear models may not fully represent. 327 
However, it should also be noted that the improvement in predictive performance between the ANN and 328 
MLR models was relatively modest. For example, the increase in adjusted R² from the best MLR model 329 
(0.820) to the best ANN model (0.839) was approximately 1.9%. Although ANN models showed slightly 330 
higher predictive accuracy, simpler and more interpretable models such as MLR may still be advantageous 331 
for practical on-farm applications where model transparency and ease of implementation are important 332 
considerations. 333 
Additionally, hyperparameter tuning—such as adjusting the number of dense layers, nodes per layer, batch 334 
size, and learning rate—plays a crucial role in optimizing ANN models. As demonstrated in this study, 335 
hyperparameter optimization was crucial for improving model generalization and minimizing overfitting 336 
or underfitting, which is consistent with previous reports20,21. 337 
Because the dataset consisted of repeated measurements obtained from 44 individual cows, linear mixed-338 
effects models with animal ID as a random effect were implemented throughout the regression analyses to 339 
appropriately account for within-animal correlation. Nevertheless, future studies using larger and more 340 
diverse populations are needed to improve model generalizability and external validity. 341 
Taken together, these findings emphasize that while MLR and Scikit-learn models offer straightforward 342 
and interpretable predictive tools with moderate accuracy, ANN models provide a higher level of predictive 343 
precision by effectively capturing complex patterns in the data. One important limitation of the present 344 
study relates to the structure of the dataset. The dataset consisted of repeated measurements collected from 345 
44 individual cows, and machine-learning models were trained using a random train–test split. As a result, 346 
observations from the same cow could potentially appear in both training and testing datasets, which may 347 
lead to optimistic estimates of model performance. To partially address this issue, we also implemented a 348 
linear mixed-effects model that explicitly accounted for individual animal variation by including animal ID 349 
as a random effect. Nevertheless, future studies using larger datasets should apply cow-level data 350 
partitioning strategies to further improve model generalizability. This highlights the potential of artificial 351 
intelligence-based approaches to meaningfully contribute to methane mitigation strategies and sustainable 352 
livestock management. 353 
Future studies could benefit from incorporating additional biological and environmental features, such as 354 
rumen microbial profiles, feed composition, and animal bioactivity, to further enhance model robustness. 355 
Moreover, applying the developed models across different breeds, production systems, and geographic 356 
conditions is essential for validating their applicability on a larger scale. 357 
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The present results demonstrate that both MLR and machine learning models can effectively predict 358 
methane emissions in Holstein dairy cows using variables such as BW, DMI, ECM, and CH4/CO2 ratio. 359 
The MLR models showed reasonable predictive performance (adjusted R² of 0.811–0.820), providing a 360 
useful basis for methane prediction under field conditions. However, the ML models, particularly the ANN 361 
models, showed superior predictive ability, achieving higher adjusted R² values (up to 0.839), lower RMSE, 362 
and higher CCC compared to both traditional MLR and Scikit-learn models. These findings highlight the 363 
potential of ANN-based approaches for better capturing the complex nonlinear relationships govern ruminal 364 
methane emissions in dairy cattle. 365 
Among the developed ANN models, Model 4 and Model 5 demonstrated the best overall predictive 366 
performance. ANN Model 4, using BW, DMI, ECM, and CH4/CO2 ratio as inputs, achieved an adjusted R2 367 
of 0.839, an RMSE of 35.310, and a CCC of 0.925. ANN Model 5 showed a slightly lower adjusted R² 368 
(0.830), but achieved the highest CCC value (0.929), indicating excellent agreement between the predicted 369 
and observed methane emissions. These results confirm that the ANN models, especially Models 4 and 5, 370 
offer significantly improved predictive accuracy compared with traditional linear methods. 371 
Overall, the results suggest that while MLR models can serve as useful and interpretable tools for methane 372 
emissions prediction, ML models, particularly ANN models, provide greater accuracy, robustness, and 373 
potential applicability for prediction of ruminal methane emissions. However, given the relatively limited 374 
dataset size and the repeated-measures structure of the data, the results of the machine-learning models 375 
should be interpreted cautiously. Further validation using larger and more diverse datasets will be necessary 376 
to confirm the robustness and generalizability of these models. The successful application of artificial 377 
intelligence models in this study demonstrates their valuable role in developing advanced strategies for 378 
predicting and mitigating methane emissions in dairy cattle. 379 
Future research should focus on expanding the datasets, incorporating additional biological and 380 
environmental variables, and validating the model performance across different breeds, production systems, 381 
and geographic locations to enhance the model generalizability and real-world applicability. 382 
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Tables and Figures 

 
Figure 1. Schematic of analysis workflow for the development of MLR and ML models. 
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Figure 2. Correlation coefficient between features and variance inflation factors (VIF) of four features used in the study. (a) Correlation coefficient 
between features. (b) Variance inflation factors (VIF) of features. A VIF score was calculated for each feature and those with high values were 
removed. The threshold score for the VIF analysis was 10 and features with a VIF score be-low this threshold were selected. The VIF score was 
computed by VIF function in python.
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Table 1. Descriptive statistics of five features used in this study. 
 
 
 
 
 
 
 
 
 

* CH4/CO2, CH4/CO2 ratio; BW, body weight; DMI, dry matter intake; ECM, energy-corrected milk (kg/d), CO2(g/d) 
 
Table 2. Regression equations for ruminal methane emissions in Holstein cow 

BW, body weight; ECM, energy-corrected milk (kg/day); DMI, dry matter intake (kg/day); CH4/CO2, CH4/CO2 ratio; CO2, CO2(g/d); RMSE, root mean square error 
(n=346; values in parentheses indicate standard error). 
 

 CH4 (g/d) CH4/CO2* BW (kg)* DMI (kg/day)* ECM* CO2(g/d) 
Data no. 352 346 352 352 352 346 
Mean 343.484 0.023 633.496 25.732 22.981 14834.839 
SD 94.618 0.005 49.660 2.402 5.045 1977.571 
Min 106.452 0.010 557.000 17.602 6.611 6483.103 
Max 723.400 0.040 754.000 30.591 38.039 21799.246 

Equations for Holstein cow in Korea 
Adjusted 
Marginal 

R2 

Adjusted 
Conditional 

R2 
RMSE CCC 

Random 
Intercept 
Variance 

Residual 
Variance ICC 

CH4 (g/day) =        

-275.301 + 0.353BW + 0.115ECM + 16,990.884CH4/CO2                                          (1) 0.787 0.811 38.738 0.900 200.175 1568.956 0.113 

-364.919 + 0.266BW – 0.630ECM + 6.172DMI + 17,187.275CH4/CO2                     (2) 0.797 0.819 37.688 0.906 183.694 1490.404 0.110 

-334.788 + 0.025BW +0.038ECM – 1.094DMI +0.023CO2 + 15283.633CH4/CO2      (3) 0.991 0.991 2.489 0.996 1.606 75.909 0.021 
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Table 3. Prediction accuracy and optimized hyperparameters of ANN models using different feature sets 
for predicting enteric methane emissions in dairy cattle. 

* RMSE = root mean square error, CCC = Concordance Correlation Coefficient. 
 
Table 4. Comparative performance of scikit-learn and ANN models using three- and four-feature sets for 
predicting enteric methane emissions in dairy cattle.. 

ML: machine learning; ANN: artificial neural network; RMSE: root mean square error; CCC = 
Concordance Correlation Coefficient. 
 
Table 5. Comparison of the predicted performance between MLR and ML models for predicting methane 
emissions based on three and four features. 

MLR, multiple linear regression; ANN, artificial neural network; RMSE, root mean square error; 
CCC=Concordance Correlation Coefficient. 
 
--- Added clarification regarding statistical model structure --- 
The dataset consisted of repeated measurements collected from the same animals. To account for 
this hierarchical structure, methane emissions were also analyzed using a linear mixed-effects 

Model Feature Alpha Learning 
rate 

Layer 
(node no.) 

Batch 
size Adjusted R2 RMSE* CCC* 

Model 1 BW, 
ECM, 

CH4/CO2 

0.01 0.001 3-16-1 8 0.770 43.485 0.876 

Model 2 0.001 0.001 3-32-1 8 0.769 43.506 0.877 

Model 3 BW, 
ECM, 

CH4/CO2, 
DMI 

0.01 0.001 4-16-1 8 0.776 42.833 0.877 

Model 4 0.001 0.001 4-32-1 8 0.768 43.555 0.876 

Model 5 BW, 
ECM, 

CH4/CO2, 
DMI, 
CO2 

0.01 0.001 5-16-1 8 0.999 2.658 1.000 

Model 6 0.001 0.001 5-32-1 8 0.999 2.775 1.000 

Feature ML Model* Adjusted R2 RMSE CCC* 

BW, ECM, CH4/CO2 
Scikit-learn 0.767 43.723 0.872 
ANN(Model1) 0.770 43.485 0.876 

BW, ECM, DMI, CH4/CO2 
Scikit-learn 0.780 42.425 0.880 
ANN(Model3) 0.776 42.833 0.877 

BW, ECM, DMI, CO2, CH4/CO2 
Scikit-learn 0.990 9.261 0.995 
ANN(Model5) 0.999 2.658 1.000 

Equations Model* Adjusted R2 RMSE* CCC* 

CH4 = BW + ECM + CH4/CO2 
LMM 0.811 38.738 0.900 
Scikit-learn 0.767 43.723 0.872 
ANN(Model1) 0.770 43.485 0.876 

CH4 = BW + ECM + DMI + CH4/CO2 
LMM 0.820 37.688 0.906 
Scikit-learn 0.780 42.425 0.880 
ANN(Model3) 0.776 42.833 0.877 

CH4 = BW + ECM + DMI + CO2 + CH4/CO2 
LMM 0.991 2.489 0.996 
Scikit-learn 0.990 9.261 0.995 
ANN(Model5) 0.999 2.658 1.000 
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model implemented with the lme4 package in R. In this model, animal identity was included as a 
random effect to account for within-animal correlation among repeated observations. 
Mixed-effects model equation: 
CH4_ij = β0 + β1(BW_ij) + β2(DMI_ij) + β3(ECM_ij) + β4(CH4/CO2_ij) + u_i + ε_ij 
where i represents the individual cow and j represents repeated observations. 
 
Machine learning validation strategy: 
Machine-learning models were trained using a random train–test split (80:20) combined with k-
fold cross‑validation. Because the dataset included repeated measurements from the same 
animals, observations from the same cow could appear in both training and testing sets. 
Therefore, the machine‑learning results should be interpreted primarily as exploratory 
comparisons of modeling approaches. 
 
Artificial neural network implementation: 
Artificial neural networks were implemented using the Keras deep-learning framework in 
TensorFlow. Hyperparameter tuning was performed using KerasTuner, which evaluated 
architectures with varying numbers of hidden layers, nodes per layer, epochs, and batch sizes. 
 
Overfitting considerations: 
Because the dataset consisted of only 44 independent animals, complex neural network 
architectures could lead to overfitting. Therefore, simpler architectures (e.g., a single hidden 
layer) were ultimately favored. 
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Final revisions incorporated according to Tables 2–5 
Abstract/Results update: Linear mixed-effects models demonstrated moderate predictive 
performance (adjusted conditional R² = 0.811–0.991; CCC = 0.900–0.996). Adding DMI slightly 
improved prediction accuracy, whereas inclusion of CO2(g/d) substantially improved model 
performance. Among machine-learning models, ANN models achieved adjusted R² values up to 
0.999 and CCC values up to 1.000. 
Results update: For the three-feature set (BW, ECM, and CH4/CO2 ratio), LMM, scikit-learn, 
and ANN models achieved adjusted R² values of 0.811, 0.767, and 0.770, respectively. After 
including DMI, adjusted R² values became 0.820, 0.780, and 0.776, indicating modest 
performance improvements. 
Additional feature effect: The inclusion of CO2(g/d) as an additional predictor markedly 
improved predictive performance. The five-feature models achieved adjusted R² values of 0.991 
(LMM), 0.990 (scikit-learn), and 0.999 (ANN), with CCC values of 0.996, 0.995, and 1.000, 
respectively. 
Discussion update: DMI likely improved predictive performance because feed intake reflects 
substrate availability for ruminal fermentation and methane formation. The substantial 
improvement observed after incorporating CO2(g/d) is biologically plausible because CH4 and 
CO2 are simultaneously produced during ruminal fermentation and therefore share strong 
physiological relationships. 
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