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Abstract
This research paper aimed to develop a supervisedmachine learning (ML) approach that learns
and predicts data-based culling from farm information that reflects the criteria of the deci-
sions taken to cull a cow by a farm manager. Data containing the features of milk yield, days
in milk, lactation number, pregnancy status, days open and days pregnant were obtained from
January to December 2020 from dairy cows on a large dairy farm in northern Mexico. The
cows were labelled as those that were data-based culled (Cull) and those that were not culled
(Stay). Six supervised ML algorithms were evaluated in a binary classification including logis-
tic regression (LR), Gaussian naïve Bayes (GNB), k-nearest neighbors (k-NN), support vector
machine (SVM), random forest (RF) and multilayer perceptron (MLP). Each model was sub-
jected to hyperparameter optimization using a grid search approach combined with tenfold
stratified cross-validation. This ensured that the class imbalance (Cull vs. Stay) was accounted
duringmodel evaluation.The best-performingmodel for each algorithmwas selected on cross-
validated accuracy. To evaluate the prediction performance of the ML algorithms on both
labels from learned data, the metrics accuracy, precision, recall, F1-score and the Matthews
correlation coefficient (MCC) were employed. Accuracy among all classifiers was >0.90. The
poorest prediction performance was observed in GNB (MCC = 0.50) and LR (MCC = 0.72).
Conversely, the rest of the classifiers achieved superior prediction performance in learning the
specific culling criteria, reaching an MCC score>0.91. Overall, culling criteria can be learned
and predicted by ML algorithms and their performance varies among classifiers. This study
identified RF as the best performing algorithm, but k-NN, SVM and MLP are possible candi-
dates to be used in on-farm conditions. To increase their reliability, these approaches need to
be tested in several farms, under different scenarios and varieties of features.

Culling is a dynamic process in dairy farming, with many factors involved in decision-making,
essential to maintain the efficiency and productivity of the herd (Fetrow et al., 2006; Cockram,
2021). At some point, all cows must leave the herd, which results in productive and economic
consequences that will impact the farm’s profitability (Compton et al., 2017). On most dairy
farms, after milk sales, cattle sales represent the second most important income (Calsamiglia
et al., 2018).

Two main reasons drive the decision-making in data-based culling. First, economic reasons
involving cows that do not justify their place in the dairy farm, mainly due to low milk yield
that does not cover the feeding cost, or due to poor reproductive performance (Marshall et al.,
2023). Second, replacement pressure, as in some cases, the number of replacement heifers can
exceed those required, forcing the culling of the less valuable mature cows (Ferrari et al., 2024).
This second reason has gained importance in the past decades due to the adoption at a mass-
scale of fertility programmes (Carvalho et al., 2018) that have led to the ‘high fertility cycle’
as described by Fricke et al. (2023). That explains the relationship between high fertility, Body
Condition Score and health events during the peripartum. Moreover, the continuous growth in
the use of sexed semen has also contributed to this excess of replacement heifers (Berry, 2021).
However, to increase the lifespan of dairy cows, it is important to note that each farm will have
to find its specific situations for optimal replacement decisions (DeVries andMarcondes, 2020).

Under these scenarios, there is not a universal approach for culling that could be applied
to all dairy farms, due to the specific productive and economic characteristics of each system
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(Jayasundara et al., 2019). The current approaches for culling can
be divided into three main categories: (i) the most basic one, based
on the intuition of the farmer or the manager, which can be data-
based or not (Lehenbauer and Oltjen, 1998); (ii) following the
suggestions of herd management software, has according to a pro-
grammed module with pre-established parameters; and (iii) based
on models that estimate an economic value for each cow consider-
ing their productive data (De Vries, 2004; Groenendaal et al., 2004;
Sorge et al., 2007; Nielsen et al., 2010; Cabrera, 2012).

Although these approaches are widely used, they are still labori-
ous and complex. In this sense, machine learning (ML) is a subset
of artificial intelligence (AI), which learns from data and improves
its performance on tasks without being explicitly programmed.
Instead of following a fixed set of rules,MLmodels analyse patterns
in data and make predictions or decisions based on experience,
presenting a novel alternative to classical approaches (Espinoza-
Sandoval et al., 2024).

Some of the advantages of ML include the ability to handle
large and complex data with non-linear relationships and with-
out assuming specific data distributions (Brooks, 2024). In dairy
science, ML has been successfully used in a wide range of fields,
including disease detection, prediction of milk yield and quality
and prediction of methane emissions (Slob et al., 2021).

Regarding culling, some work has been done using ML. For
example, Lopez-Suarez et al. (2018) used decision trees (DT) to
predict the milk yield in the first lactation, identifying poorly pro-
ductive cows in the early stages with an accuracy of 83%. Another
approachwas presented byOuseleye et al. (2023)whoused random
forest (RF) to predict the longevity of dairy cows using productive
and genetic features with a coefficient of determination of 86%.
Adamczyk et al. (2016) tested several ML algorithms to identify
the culling reasons but with no favourable results. Nonetheless, no
scientific report has tried to teach specific criteria of culling to an
AI.

Thus, this research paper aimed to develop a supervised ML
approach that learns and predicts data-based culling from farm
data that reflects the criteria of the decisions taken by a farm
manager.

Materials and methods

Ethics statement

The present study only used data obtained from pre-existing
databases; thus, approval by an institutional animal care and use
committee was not necessary.

Data source

The data were obtained from a commercial dairy farm located in
northern México, which is a Holstein-intensive production system
with two milkings per day, and an annual average of 1,878 milking
cows, excluding dry cows. The dairy farm averaged 31.6 L/cow per
day (9,638 L/cowper 305 days), had a 21-day pregnancy rate of 25%
and an annual culling rate of 42%.Thedata were extracted from the
dairy management software Dairy Comp 305 (Valley Agricultural
Software, Tulare, CA, USA).

Data arrangement and binary classification design

To construct an ML binary classification (Li and Tong, 2020), the
common classification of culling into voluntary or involuntary is

not useful (Fetrow et al., 2006). So, the culling classification was
adapted from Fetrow (1987). The first category is forced culling
(non-data-based), which represents cows that have to leave the
farm immediately or soon and for which there is no reasonable
solution other than culling. This category includes diseases (i.e.,
contagious mastitis, and lameness), trauma and death. These cows
were not considered in this study.

The second category is economic culling (data-based), which
is the objective of this study. This category represents those cows
selected by the dairy manager at the end of each month during
2020. The applied criteria for each cow considered the features of
milk yield (L/d), days in milk (d), lactation number (n), pregnancy
status (Pregnant/Non-pregnant), days open (d) and days pregnant
(d). These cows were labelled as (i) Cull (n = 408) and represented
the first label of the binary classification.

The second label represents those cows that were not selected to
be culled and were labelled as (ii) Stay (n = 20,800) these enable a
ratio to be determined (Cull/Stay) 1:50. As described by Krawczyk
(2016), an imbalanced dataset represents a common challenge in
ML, where the optimal scenario in a binary classification will be
a ratio of 1:1, but this is uncommon in real-life scenarios. To
reduce this imbalance without losing power in the Cull label, an
undersampling technique was applied to the Stay label to achieve
a ratio of (Cull/Stay) 1:10, by the ‘RandomUnderSampler’ pro-
cedure of the library imbalanced-learn (Lemaître et al., 2017),
this represents a ratio closer to that which the algorithms would
normally have to deal with, on a typical dairy farm (Liu et al.,
2008). Therefore, the final database for the ML binary classifica-
tion resulted in 408 cows for the label Cull and 3993 for the label
Stay.

Data preprocessing and statical analysis

Descriptive statistics were performed, and a scatterplot matrix was
created as described by Emerson et al. (2013). This was done to
visualize themultivariate data that included categorical and quanti-
tative features fromboth labels using the function ‘ggpairs’ from the
package ‘GGally 2.2.1’, in R v4.4.1 statistical software (https://www.
R-project.org/). To avoid highly correlated features that can affect
the performance of the learning process, a correlation analysis was
performed among the six features before the training and testing
phase using the library ‘seaborn’ (Waskom, 2021). A heat-map plot
and the corresponding values are shown in Figure S1, where corre-
lations>0.9 were not found, and thus all the features were included
in the learning models.

Feature scaling was considered because the features have dif-
ferent ranges, to which some ML algorithms, including k-nearest
neighbors (k-NN), support vector machine (SVM) and multilayer
perceptron (MLP) are sensitive. Two methods were tested, and the
one with the best performance was selected for each algorithm
(Ali and Faraj, 2014). The first method is standardization, which
removes the mean, and scales to one unit of standard deviation,
and is computed as follows:

x(i)
std = x(i)−𝜇x

x

The second method was max–min normalization, which scales
the features in the range 0–1, following the formula:

x(i)
norm = x(i) − xmin

xmax − xmin
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ML algorithms and implementation

In the present study, six ML classifier algorithms were com-
pared to represent a range of algorithmic approaches, from lin-
ear algorithms to those including ensembles to neural network-
based methods. Choosing the correct ones depends on several
factors, including dataset size, feature types, data dimensional-
ity, interpretability, linearity and computational constraints. It
is a common practice to compare several algorithms that can
theoretically perform the desired task (Shahinfar et al., 2014),
and from the performance comparison select the best one. As
described by Wolpert (1996): ‘No single classifier works best
across all possible scenarios’, according to the ‘No Free Lunch’
theorem.

The preprocessed database (scaled for k-NN, SVM and
MLP) was randomly split into training and testing sets using
‘train_test_split’ from ‘sklearn.model_selection’ (Pedregosa et al.,
2011), with 70% allocated to train and 30% to test, with a fixed
random seed to ensure reproducibility.

To optimize the performance, hyperparameter tuning was con-
ducted using grid search with cross-validation. The GridSearchCV
procedure was coupled with a tenfold stratified k-fold cross-
validation to ensure robust performance estimates across class-
balanced folds, accuracy was defined as the scoring metric, and
parallel processing enabled. The process involved fitting the base
model with all combinations of the parameter grid across the
training set defined ahead for each classifier, yielding the best-
performing model based on the highest mean cross-validated
accuracy. The optimal hyperparameters and corresponding cross-
validated score were retrieved, and the best estimator was used for
the subsequent evaluation.

To run the supervised ML models, the Google Colaboratory
(Bisong, 2019) was used. This platform is a hosted Jupyter
Notebook, running Python 3.10.12 (Python Software Foundation).
The libraries ‘pandas’, ‘matplotlib’ and ‘NumPy’, were used to han-
dle databases and plot results. The ML classifier algorithms were
obtained from the library ‘scikit-learn’ (Pedregosa et al., 2011) and
a brief description and implementation of each one are described
below.

Logistic regression
The first algorithm used was logistic regression (LR), a special type
of generalized linear model that employs a Bernoulli distribution
and the Logit link function, and can be used as a classifier to predict
a probability threshold. InML, it can be used for binary, one-vs-rest
or multinomial logistic regression with optional L1, L2 or Elastic-
Net regularization, which is usually used in ML but not in statistics
(Zaidi and Al Luhayb, 2023).

The implementation of LR was performed using the
‘LogisticRegression’ function of the library ‘scikit-learn’, with
the following hyperparameters defined in the grid search: penalty
(L1 and L2), C (0.001, 0.01, 0.1, 1, 10, 100 – with smaller values
indicating stronger regularization), solver (‘liblinear’ and ‘lbfgs’)
and maximum iterations for convergence (100, 500), ensuring
sufficient iterations for solver convergence (Geng et al., 2024).

Gaussian naïve Bayes
The Gaussian naïve Bayes (GNB) algorithm for classification is
an implementation of a Bayesian network, that is based on the
probabilistic Bayes theorem assuming conditional independence
of features, and where the likelihood of the features is assumed to
be Gaussian (Kelly and Johnson, 2021). GNBwas applied using the

function ‘GaussianNB’ of the library ‘scikit-learn’ with var smooth-
ing. This hyperparameter addresses numerical stability by adding a
fraction of the largest variance across all features to the estimated
variances of each feature per class. The parameter grid was defined
as 1 × 10−11, 1 × 10−10, 1 × 10−9, 1 × 10−8, 1 × 10−7, 1 × 10−6, rep-
resenting a range of smoothing factors from minimal to moderate
adjustment (Wickramasinghe and Kalutarage, 2021).

k-nearest neighbours
The third classifier employed a type of nearest neighbour, k-NN,
which belongs to a group of methods commonly described as
non-generalizing ML algorithms. Because they remember all their
training data, an internal model is not built. The principle behind
the k-NN is to find the nearest neighbours (Thirunavukkarasu
et al., 2018).

The implementation of k-NN used the function
‘KNeighborsClassifier’ of the library ‘scikit-learn’. The hyper-
parameter grid was defined as follows: number of neighbours to
consider (1, 3, 5, 7, 9, 11 and 15), weighting strategy for neighbours
where ‘uniform’ assigns equal weights and ‘distance’ weights neigh-
bours inversely proportional to their distance, power parameter
for the Minkowski distance metric where Manhattan distance and
Euclidean distance, methods for nearest neighbour search (auto,
ball tree, kd tree and brute) (Cunningham and Delany, 2021).

Support vector machine
The basic principle behind SVM is the ability to learn through the
construction of an optimal hyperplane in a dimensional space that
has the largest distance andmaximizes between themargin bound-
aries ‘support vectors’ of each label of target features (Cervantes
et al., 2020). The implementation was through the SVM function
from the ‘scikit-learn’ library, with the following hyperparame-
ters: kernel function to transform the data (linear, poly, rbf and
sigmoid), which defines the decision boundary’s shape; regulariza-
tion parameter C (0.01, 0.1, 1, 10, 100, 1000), which controls the
trade-off between maximizing the margin and minimizing classi-
fication errors; kernel coefficient (scale, auto, 0.001, 0.01, 0.1, 1, 10);
degree of the polynomial kernel (2, 3, 4, 5); shrinking heuristic
(True, False), which reduces the number of support vectors con-
sidered during optimization, potentially speeding up training with
minimal impact on accuracy. Both options were tested to assess
computational efficiency versus performance (Pisner and Schnyer,
2020).

Random forest
RF is made up of an ensemble of several DT that are independent
from each other, which allows for increased precision and reduced
variance compared to one DT (Parmar et al., 2019). The method of
‘bagging’ (bootstrap-aggregation) generatesmanyDTby bootstrap
samples from the training dataset, in this case, the improvement of
RF is that it only uses a subset of the features on each tree-split, and
then predicts by the most voted tree.

The implementation was through the function
‘RandomForestClassifier’ from the ‘scikit-learn’ library, with
the following hyperparameters: number of trees in the forest (50,
100 and 200), maximum depth of each tree (7, 10, 20 and 30) none,
which allows trees to grow until all leaves are pure – potentially
leading to overfitting – smaller depths restrict tree complexity,
reducing overfitting but risking underfitting, minimum number
of samples required to split an internal node (2, 5, 10 and 20),
minimum number of samples required at a leaf node (1, 2, 4 and
8), number of features to consider at each split (sqrt and log2),
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weighting strategy for class imbalance (balanced and none). Also,
using bootstrap (True) sampling enables bootstrap sampling,
creating diverse trees by sampling with replacement, false uses
the entire training set for each tree, reducing randomness but
potentially increasing overfitting. Both options were tested to
assess their impact on ensemble diversity (Biau and Scornet,
2016).

Multilayer perceptron
The last algorithm employed was MLP, a type of artificial neural
network with an architecture that consists of an input layer that
is equal to the number of scaled features (i.e., milk yield, days in
milk), hidden layers and the output layer that receives the values
from the last hidden layer following to a transformation into output
values (Stay or Cull) (Gardner and Dorling, 1998).

The implementation was through the function ‘MLPClassifier’
from the ‘scikit-learn’ library, with the following hyperparameters
grid: the activation functions that introduces non-linearity (tanh
and relu), hidden layer size was 1 hidden layer with (50, 100 and
200). The optimization algorithm determines how the weights are
updated (lbfgs and sgd), L2 regularization (0.0001, 0.001, 0.01, 0.1
and 1.0) that controls the strength of regularization by adding a
penalty to the loss function and the learning rate for ‘sgd solver’
(constant, invscaling and adaptative) (Badem et al., 2017). Also, due
to the computational demand of theMLP, the hardware accelerator
TPU v2 (Google, Mountain View, CA, USA) was employed for the
training and testing process.

Model performance evaluation

To evaluate the abilities of the ML algorithms employed on the
supervised culling models task, several quantitative measures of
performance were computed on the outputs of the testing phase
after the models were trained (Luque et al., 2019; Chicco and
Jurman, 2020). The first metric is a 2 × 2 confusion matrix, which
describes the outcome of the binary classification task, as follows:

Confusion MatrixM = ( TP FN
FP TN

)

where TP is the true positive (Cull cows correctly classified), TN
is the true negative (Stay cows correctly classified), FP is the false
positive (actual Stay cows wrongly classified as Cull) and FN is the
false negative (actual Cull cows wrongly classified as Stay). A nor-
malization was applied to scale the values, typically so that each
row sums to 1 (or 100%), making it easier to interpret the model’s
performance across classes, especially when class imbalances exist.

From this confusion matrix several metrics were computed
(Luque et al., 2019). Accuracy is the most commonly used among
researchers, represents the fraction of correct classifications of the
algorithm, is the ratio of correctly classified positive and negative,
for all instances of the dataset, where 0 is the worst value and 1 the
best value. It is computed as follows:

Accuracy = TP + TN
n+ + n− = TP + TN

TP + TN + FP + FN
Precision or positive predictive value is the ratio of true posi-

tive to all positive (true and false), so it determines the ability of a
classifier to correctly predict positive instances, and ranges from a
worst value of 0 to a best value of 1, calculated as follows:

Precision = TP
TP + FP

Recall or sensitivity is the ratio of true positive to true positive
and false negative. It is the ability of a classifier to find the positive
predictions over all the results that are positive, and was estimated
as follows:

Recall = TP
TP + FN

The F1-score is one of the most used tests to evaluate the per-
formance of ML predictions, and is defined as the harmonic mean
of precision and recall. F1-score ranges from 0 to 1, and has the
following shape:

F1 score = 2 ⋅ precision ⋅ recall
precision + recall

The alternative measure to the F1-score is the Matthews corre-
lation coefficient (MCC), which has the advantage of being unaf-
fected by imbalanced datasets (Chicco and Jurman, 2020). It ranges
in the interval −1 for perfect misclassification to +1 for perfect
classification, and is computed as follows:

MCC = TP ⋅ TN − FP ⋅ FN
√(TP + FP) ⋅ (TP + FN) ⋅ (TN + FP) ⋅ (TN + FN)

A model inspection technique (permutation feature impor-
tance) was performed to estimate the contribution of each feature
to the performance of the ML algorithms by using the procedure
of the library scikit-learn permutation importance with the follow-
ing hyperparameters: the number of repeats = 30, and random
state = 42 (Fisher et al., 2019).

Results and discussion

Labels description

Table 1 shows the summary and descriptive statistics of both labels
(Cull and Stay) for quantitative features, while Table 2 shows the
summary of the categorical features of the labels (Cull and Stay).
Figure 1 shows generalized pairs plots for exploratory data anal-
ysis. In this learning approach, six features were employed per
cow, three for productive characteristics and another three for
reproductive performance.

The mean of the feature milk yield was lower in the Cull label
(22.0 ± 5.7 L/d) than in the Stay label (31.7 ± 6.3 L/d). This can be
explained by the fact that milk yield is one of the most important
metrics related to voluntary culling. For days in milk, the mean
was higher in the Cull label than in the Stay label (249.7 ± 93.2
vs 219.5 ± 79.0 d) in the Stay label; this trend in the Cull label
is usually accompanied by a low milk yield and a failure to con-
ceive. The feature lactation number had a similar distribution in
cows with both labels. In both labels, most of the cows were in
first lactation, 50% in the Cull label and 41% in the Stay label.
The Stay label shows the distribution of lactations in the herd; this
pattern is commonly observed in herds with high reproductive
performance (Hare et al., 2006; Fricke et al., 2023). Even then, it
can be supposed that in the Cull label, most of the cows would
have three lactations or more, and this can be observed in invol-
untary culling, where the ages play a key role in the incidence
of diseases (e.g., Rilanto et al., 2020). It is important to consider
that a first lactating cow does not guarantee a continued presence
in the herd until the productive and reproductive parameters are
met.

The reproductive parameters that comprise the secondary rea-
son of importance are related to voluntary culling according to
productive parameters such as milk yield (Weigel et al., 2003). The
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Table 1. Summary and descriptive statics of both labels (Cull and Stay), for quantitative features

Label Feature n Mean SD Minimum Maximum 95% CI

Cull Milk yield (L/d) 408 22.0 5.7 0.2 43 21.5−22.6

Days in milk (d) 249.7 93.2 87 568 240.6−258.8

Days open (d) 193.4 100.3 55 466 183.7−203.2

Days pregnant (d) 48.4 61.8 0 184 42.4−54.4

Stay Milk yield (L/d) 3993 31.7 6.3 8 78 31.5−31.9

Days in milk (d) 219.5 79.0 70 487 217.0−221.9

Days open (d) 115.5 55.5 33 296 113.8−117.2

Days pregnant (d) 98.5 75.6 0 222 96.2−100.9

SD, standard deviation; CI, confidence interval at 95%.

Table 2. Summary of the categorical features of the binary labels (Cull and
Stay)

Label Feature n %

Cull Lactation number

1 204 50.00

2 66 16.18

3 48 11.76

4 60 14.71

5 30 7.35

Pregnancy status

Pregnant 168 41.18

Non-pregnant 240 58.82

Stay Lactation

1 1668 41.77

2 864 21.64

3 780 19.53

4 438 10.97

5 243 6.09

Pregnancy status

Pregnant 2850 71.37

Non-pregnant 1143 28.63

first feature is pregnancy status (pregnant or non-pregnant), and
the pregnant cows were higher in the Stay label 71% vs 41% in
the Cull label. These indicate that a confirmed pregnancy does not
guarantee permanence in the herd, basically due to other influ-
encing factors. The mean of days of pregnancy were lower in
the Cull label than in the Stay label (48.4 ± 61.8 vs 98.5 ± 75.6
days). This indicates that if a pregnant cow is culled, it would
have an early pregnancy, which can be explained by those cows
that have too many days in milk and low milk yield. Also, this
tendency can be seen in the feature days open which represents
the period since calving to conception, where the Cull label has
a mean of 193.4 ± 100.3 vs Stay label with 115.5 ± 55.5 (days).
This indicates that for some reason the cows in the Cull label
experienced more problems with being pregnant, so even if a

cow was pregnant, they were too advanced in their lactation
curve.

Classification performance

Figure 2 shows the confusion matrix of the best cross-validation
model of all the algorithms employed. In Table 3, several met-
rics were calculated from the confusion matrix and presented
as described by Chicco and Jurman (2020). The performance
metrics revealed significant variability across the six classifiers,
reflecting differences in their underlying assumptions, capac-
ity to model complex decision boundaries and robustness to
data characteristics such as feature interactions, noise and class
imbalance.

Several factors likely contributed to the variation in per-
formance across classifiers. The first is model complexity and
expressiveness of a low complexity (LR, GNB): linear (LR) or
independence-based (GNB) models underperform due to limited
capacity to capture non-linearities or feature dependencies, yield-
ing lower MCC (0.725, 0.503) and high complexity (k-NN, SVM,
RF, MLP): non-parametric (k-NN, RF) or non-linear (SVM with
RF, MLP) models excel by adapting to intricate patterns, achiev-
ing MCC > 0.91. RF and MLP had high F1 scores (0.992, 0.983)
reflecting their ability to fit the data latent structure. Another fac-
tor is the decision boundary flexibility; LR linear boundary and
GNB Gaussian assumption constrain adaptability, and missing
edge cases (higher FN). k-NN local, RF piecewise, SVM’s kernel-
based and MLP’s layered boundaries align better with the data
separability, minimizing errors.

Regarding robustness of assumptions: GNB independence vio-
lation degrades performance (lowest recall = 0.459). LR assumes
linearity, underfitting non-linear effects. k-NN, RF and MLP
impose fewer assumptions, thriving on the data empirical structure
(precision ≥ 0.992). Also, the dataset likely has strong cluster-
ability (k-NN success), non-linear interactions (RF, MLP) and
moderate noise (SVM robustness). The variation arises from each
algorithm’s capacity to model the data underlying distribution
and decision boundary. RF and k-NN outperform due to their
flexibility and data-driven nature, while NB and LR lag due to
restrictive assumptions. SVM and MLP offer a middle ground,
excelling with tuning. These results suggest the culling task ben-
efits from non-linear, high-capacity models, with RF as the top
performer due to its ensemble robustness and feature interac-
tion handling. In Figure S2, the learning curves are presented
and reveal that RF, k-NN and MLP are the best fits for this
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Figure 1. Generalized pairs plot for the six features. Notes: The quantitative–quantitative (milk yield, days in milk open days and days of pregnancy) pairs are shown in
scatterplots and density plots. The categorical–categorical (pregnancy status and lactation) pairs are shown in mosaic plots. The quantitative-categorical pairs are shown in
boxplots and barcode plots. The diagonal (from the left upper to right lower) reflects the marginal distributions of the features. Green = data for the label Cull and blue = data
for the label Stay.

dataset, with RF leading due to its high accuracy and stabil-
ity, with a cross-validation accuracy of ∼0.995 and low vari-
ability, making it the most reliable choice for this dataset. The
learning curve for the RF model shows that the training sam-
ples (ranging from 0 to 2,500) represent the individual data

points used to train the model. As the number of training sam-
ples increases, the training score remains consistently high at
around 0.995, while the cross-validation score improves and sta-
bilizes at approximately 0.985. By the time the model reaches
2,500 samples, it demonstrates robustness to data-related issues,
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Figure 2. Normalized confusion matrix of the classifier algorithms employed. Notes: Each row corresponds to an instance of the true class (Stay or Cull), while each column
corresponds to an instance of the predicted class. As a result, the diagonal elements indicate the proportion of correctly identified classes. Misclassification is reflected in the
off-diagonal elements, which represent instances incorrectly assigned to a different class due to confusion.

as the gap between the training and cross-validation scores
narrows – indicating minimal overfitting. This suggests that the
model generalizes well when provided with a sufficient amount

of data, with performance plateauing beyond this point. LR and
GNB struggle, likely due to their inability to capture the data
complexity.
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Table 3. Results of the metrics for the evaluation of the prediction performance of the ML classifiers

Algorithm Accuracya Precisiona Recalla F1-scorea MCCb

Logistic regression 0.955 0.794 0.697 0.742 0.725

Gaussian naïve Bayes 0.922 0.602 0.459 0.521 0.503

k-nearest neighbors 0.995 1.000 0.951 0.975 0.973

Support vector machine 0.986 0.956 0.893 0.924 0.917

Random forest 0.998 1.000 0.984 0.992 0.991

Multi-layer perceptron 0.997 0.992 0.975 0.983 0.982
aThese metrics have a scale of 0–1.
bThis metric has a scale of −1 to +1.

The feature importance results (Figures S3–S8) highlight that
milk yield was the primary driver of culling decisions, followed by
reproductive features like days open and days pregnant. Lactation
number has minimal impact, and days in milk and pregnancy sta-
tus vary in importance depending on themodel. Overall, RF, k-NN
and MLP provided the most reliable insights due to their high per-
formance, while GNB struggles due to its restrictive assumptions.

To summarize, we aimed to transfer the knowledge of culling
cows of an expert (farmer ormanager) entity (regardless ofwhether
the expert entity was correct or not) to an AI, to prove that spe-
cific culling criteria can be learned and, in the future, used as a
tool for culling dairy cows in individual dairy farm. It is notewor-
thy to say that this methodology is for individual herds since each
one has its culling criteria. For example, milk yield is one of the
most important metrics related to culling, where the level of this
production at which the cows are candidates for culling, changes
between herds, usually, this is determined by economic estimations
like for example income over cost. Also, these criteria are affected
by and differs among or according to geographical regions, milk
price, feeding costs, replacement costs, climate factors (heat stress)
and herd feeding management (Buza et al., 2014).

To our knowledge, a methodology like the one here proposed
has not previously been reported in the scientific literature, but
other approaches using AI have been used. For example, Lopez-
Suarez et al. (2018) used DT to predict the milk yield in the first
lactation to identify those cows poorly productive in the early
stages with an accuracy of 83%. Ouseleye et al. (2023) used RF and
they were able to predict the longevity of dairy cows using produc-
tive and genetic features with a coefficient of determination of 86%.
Adamczyk et al. (2016) tested severalML algorithms to identify the
culling reasons but with unfavourable results.

The number of features that are incorporated into the train-
ing and testing process of AI modelling will depend on the data
availability. In this study, six features for each label were taken into
account because these are the features that the expert entity (farmer
or manager) of these farms takes into account for the decision-
making in voluntary culling. There may be a case where more or
fewer features need to be taken into account, for example, the pres-
ence of some disease, where animals that present this disease have
more weight in the decision of culling. But a priori a common
practice in ML is to make a dimensionality reduction by several
algorithms, such as principal component analysis and their varia-
tions, where only the features that explain the maximum amount
of variance are incorporated in the learning process, these have the
advantage of increasing the efficacy and reduce the computational
time (Bharadiya, 2023).

The feasibility of this methodology applied under on-farm
conditions would need an ML-based software system following

these conditions as described by Foidl and Felderer (2019): (i) An
expert entity (human rationale, i.e., farmer or manager) would be
needed to load the information in the interphase as the data source,
indicating which cows leave the heard so the system knows that is
for voluntary culling. Also, all the information of all the cowswould
be online, so a stable internet connection would also be needed.
(ii)The engineering environment of the pre-training steps includes
data integration, data storage, transformation and normalization.
(iii) A final step where the selected algorithms are continuously
learning from data, the culling criteria of the herd, in the first
months would not be precise, but over time as more information
is loaded the algorithms would increase their accuracy. (iv) If all
the prior steps work correctly, the farmer or the technician would
be able to consult in the interface the results of the trained ML
algorithms, which would be cows that do not justify their place
in the dairy herd based on the criteria learned from data. Even
though this approach can look complicated, the more feasible way
is that this type of engineering is linked with the dailymanagement
software of the farm like Dairy Comp 305 (Valley Agricultural
Software, Tulare, CA, USA), AfiFarm (Afimilk, Kibbutz Afikim,
Israel) or SmartDairy (Boumatic, Boumatic, Madison, WI, USA)
as examples, so the farmer doesn’t have to load the information in
several platforms.

In conclusion, the learning approach proposed in this research
shows that data-based culling criteria can be learned and predicted
by AI, with variable performance among ML algorithms. In this
study, with the specific features used by this herd, RF is the opti-
mal candidate to be deployed in on-farm conditions. To increase
the reliability of these procedures, these approaches need to be
tested in several farms, under different scenarios (i.e., geographic
and management variability) and varieties of features.

Supplementary material. The supplementary material for this article can
be found at https://doi.org/10.1017/S0022029925101416.
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