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Introduction 

In dairy production systems, the accurate assessment of a cow’s lactation curve is fundamental 

for evaluating performance, health, and management outcomes. However, daily milk yield 

records often contain missing data points due to technical limitations, associated costs, 

recording errors, or interruptions in data collection, such as equipment malfunctions, health 

events, or changes in farm personnel (Sørensen et al., 2010; Cole and Null, 2009). The resulting 

gaps complicate the analysis and interpretation of lactation patterns, making it difficult to 

estimate key parameters, including peak yield, persistency, and total lactation output (Wood, 

1967; Dijkstra et al., 1997). Incomplete records can reduce the reliability of genetic and 

management evaluations and introduce bias into predictions of cow suitability for extended 

lactation or timely interventions for health and reproduction. 

Proper reconstruction or imputation of the lactation curve is essential for both research and 

practical herd management. Accurate curve fitting enables the identification of cows with 

desirable traits, such as high persistency, and supports more precise genetic selection, 

nutritional planning, and reproductive decision-making (Haile-Mariam et al., 2003). Numerous 

statistical models have been developed to address the challenge of missing daily milk yield 

records and to reconstruct lactation curves, including parametric functions, random regression, 

and machine learning approaches (Wood, 1967; Dijkstra et al., 1997). However, selecting a 

single model that accurately captures the diversity of lactation patterns within a herd remains 

a significant challenge, as individual cows may exhibit markedly different curve shapes due to 

genetics, parity, health status, and management factors. This underscores the need for flexible 

and robust modelling frameworks that can accommodate heterogeneity in lactation trajectories, 

thereby improving the reliability of imputed data and subsequent analyses.  

The objective of this study is to test and compare the performance of the EMOTIONS 

imputation package with widely used lactation curve models, such as BESTPRED (Cole et al., 

2007) and MILKBOT (Ehrlich et al., 2011), in reconstructing daily milk yield records for dairy 

cows. By evaluating the accuracy and robustness of these approaches across diverse lactation 

patterns, this research aims to identify the most effective method for imputing missing data and 

modelling lactation curves in practical dairy herd settings. 

 

Materials & Methods 

Data were sourced from a high‑capacity commercial dairy farm in the Midwestern United 

States that uses multiple automated milking system units to manage a large herd. The initial 

dataset comprised 5,591,375 phenotypic records from 2,800 cows collected between 2017 and 

2021, including daily milk yield (DMY) and related variables. 

Given the high recording frequency of robotic milking systems, daily observations were 

available for nearly all animals. To ensure adequate data for lactation curve modelling, only 

cows with at least 290 daily milk yield observations per lactation were retained in the final 
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dataset. After applying this filter and restricting the analysis to the first three lactations, a total 

of 850,940 visit records from 2,732 cows were kept for further analysis. 

Data editing and quality control (QC) were conducted using R software (version 4.2.1; R Core 

Team, 2022). Outliers for continuous traits were excluded using a threshold of 3.5 standard 

deviations from the mean. 

To evaluate the performance of imputation models, a subset of observed daily milk yield 

records was systematically masked (i.e., set as missing) in the retained dataset. These masked 

values were then imputed using the EMOTIONS R package, and the imputed values were 

compared to the actual observed records to assess model accuracy. The EMOTIONS package 

was developed using the R language to allow users to create EM based on up to 47 different 

models. 

Several masking scenarios were tested to simulate different levels of missingness in the daily 

milk yield records. Specifically, scenarios were created by retaining 4 to 10 daily records per 

lactation for each animal, with the selected records evenly distributed throughout the lactation 

period. This approach was designed to mimic data collection practices in commercial farms, 

where daily milk yield is typically measured at most once a month during lactation. 

 

Results & Discussion 

As the number of records included in the analysis increased from 4 to 10, both model 

performance and convergence improved markedly (Table 1). The RMSE for the best-

performing model decreased steadily from 6.77 (SD 2.01) with 4 records to 5.79 (SD 1.43) 

with 10 records, indicating enhanced predictive accuracy with additional data. Similarly, the 

AIC values for the best model declined from 8.68 (SD 3.05) to 6.66 (SD 1.92), suggesting a 

better model fit. The number of models that successfully converged also increased, reaching 

up to 41 for datasets with 6, 8, and 9 records. Comparisons with alternative methods revealed 

that the best model consistently outperformed both the EM and MilkBot approaches in terms 

of RMSE, particularly as the dataset size grew. These findings highlight the importance of 

larger datasets for robust model convergence and predictive reliability. 

 

Table 1. Models Performance Metrics by Number of Records. 
N Test-

Day 

Records 

N 

Converged 

Models 

RMSE1 (SD) 

Best Model 

AIC (SD) 

Best Model 

RMSE1 (SD) 

EM 

RMSE1 (SD) 

MilkBot 

4 25 6.77 (2.01) 8.68 (3.05) 7.76 (2.63) 9.48 (3.63) 

5 35 6.38 (1.74) 8.21 (2.77) 7.02 (2.05) 8.75 (3.39) 

6 41 6.13 (1.62) 8.42 (3.50) 6.67 (1.90) 8.29 (3.36) 

7 40 6.03 (1.55) 7.48 (2.88) 6.44 (1.78) 8.11 (3.48) 

8 41 5.93 (1.52) 7.26 (2.37) 6.26 (1.65) 7.87 (3.46) 

9 41 5.86 (1.46) 6.79 (1.93) 6.16 (1.55) 7.74 (3.52) 

10 40 5.79 (1.43) 6.66 (1.92) 6.06 (1.52) 7.55 (3.47) 
1 RMSE = Residual Mean Square Error in kg/day; SD = standard deviation 

 

Ensemble models (EMs) enhance generalization by combining multiple predictors rather than 

relying on a single model, leveraging the bias-variance trade-off to improve accuracy, a 

concept first introduced by Bates and Granger (1969). EMs have been widely applied across 

various fields, including ecology, economics, healthcare, climatology, and engineering (Krogh 

and Sollich, 1997; Hsieh et al., 2012; Scheuerer, 2014; Breiner et al., 2015), and are integral 

to many machine learning algorithms for reducing uncertainty and improving performance 

(Abbasi et al., 2022; Kunapuli, 2023). 
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Numerous models for fitting lactation curves in livestock have been developed, influenced by 

data availability, computational resources, and production objectives (Macciotta et al., 2011). 

Selecting a single model is challenging due to individual variation and production system 

diversity. Using one model per animal risks overfitting, while a single model for all ignores 

individual differences. EMs offer a robust alternative, combining multiple models to improve 

adaptability and reliability in lactation curve predictions, balancing model strengths and 

reducing bias. This approach is especially valuable given the variability in livestock production 

systems, genetics, and environments (Angeles-Hernandez et al., 2013; Li et al., 2022).  

 

Conclusions 

The lower RMSEs observed in daily milk yield predictions using ensemble models indicate 

that combining different models can significantly improve lactation curve estimation in cows. 

The advantage of ensembles over individual models was particularly evident in subsets of 

animals with the poorest fits. 
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