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Abstract: For years, effort has been devoted to establishing an effective bull breeding soundness evaluation
procedure; usual research on the subject is based on Bull Breeding Soundness Examination (BBSE)
methodologies, which have significant limitations in terms of their evaluation procedure, such as high cost,
time-consuming and administratively difficult; moreover, the lack of diagnostic laboratories equipped to
handle the more difficult cases. This research focuses on the creation of a prediction model to supplement
and/or improve the BBSE approach, through the study of two algorithms, Clustering and Artificial Neural
Network (ANN), to find the optimum Machine Learning (ML) approach for our application, with an emphasis
on data categorization accuracy. The tool is designed to assist veterinary medicine and farmers in identifying
key factors and increasing certainty in their decision-making during the selection of bulls for breeding
purposes, providing data from a limited number of factors generated from a deep pairing study of bulls. Zebu
Bulls, European Bulls, and Crossbred Bulls were the general groupings. The data utilized in the model's
creation (N =359) considers five variables that influence improvement decisions. This approach enhances
decision-making by 12% compared to traditional farming. ANN obtained an accuracy of 90%; Precision was
97% for satisfying, 92% for unsatisfying, and 85% for Bad.

Keywords: BBSE; artificial neural networks; K-means; data engineering

1. Introduction

Bulls have a significant impact on herd reproductive efficiency, independently of the
reproductive strategy used: natural, controlled mating, or artificial insemination. As a result, the
absence or decrease in bull fertility reduces productive parameters, which may reduce farm
profitability, particularly in extensive livestock production systems. In certain cases, fertility refers
not only to the semen characteristics but also to the bull’s capability to deliver enough pregnancies
even under difficult environmental conditions, including natural mounts. Breeding programs for
beef and dual-purpose cattle are prevalent in tropical countries, to increase calf numbers and sell
weight [1]. Livestock production in Veracruz began in the first age of Spanish colonization in the XV
century with the introduction of southern Spain’s animals (Bos taurus), which originated the Creole
cattle population [2]. Since the 1950s, Bos Indicus cattle (Indo-Brazil, Brahman) and Bos taurus cattle
(Brown Swiss, Holstein, Charolais, and Simmental) from Brazil have been brought in to bring
improved production performance through progressive adaptation to environmental conditions [3,
4]. To maintain agricultural profitability, bulls must be extremely fertile in all respects in the region’s
extensive farming system. Highly fertile bulls can achieve a pregnancy rate of more than 60% in
females with acceptable reproductive activity; a BBSE is required to achieve this [5, 6]. BBSE is a
procedure that decreases risk while improving strategic bull use and herd fertility [7]. BBSE
comprises biometric data, namely scrotal circumference (SC), and semen analysis (sperm
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concentration, motility, and morphology), but it fails to include behavior (libido), even though this
parameter may be used to predict prospective bull fertility [8]. The need for tools that promote a more
objective and quantifiable assessment and measurement of behavior is not new [9]; recognizing
technology’s potential not only to empower the human observer in terms of accuracy and volume of
processed data but also to lead to the discovery of behavioral characteristics that are inaccessible
through simple human observation. A predictive model’s objective is to make accurate predictions
from previously unseen data; thus, data mining and its application in animal husbandry were studied
[10], where authors emphasized the complexity of the structure of animal husbandry management
systems, with multiple problems due to the large volume of information. Machine Learning (ML) can
assist in the creation of models for predictions by analyzing substantial amounts of data, providing
a decision-making baseline. Sensors, cloud computing, artificial intelligence (Al), and specifically ML,
are already revolutionizing various sectors and bringing advantages. Al and cognitive-based
technologies are the most disruptive and significant advanced analytics tools for supply chain
decision-making [11, 12]. Intelligent systems integrate many technologies [13], and ML, which is a
branch of Al algorithms, is used to identify patterns in data. ML is frequently used as a decision-
making tool in the sustainable agriculture supply chain [14]. Digitalization sets up a massive volume
of data in supply chains, which is meaningless unless relevant information is categorized, interpreted,
and gathered using appropriate data analysis tools [15-18]. In recent years, ML algorithms have been
employed in agriculture trying to solve problems such as cattle concerns [19] and forecasting different
temperatures on piglets [20]. Additionally, ML has been employed to examine the complexity of
livestock reproduction dynamics, often influenced by genetic factors, as demonstrated in previous
works [ [21], wherein K-means algorithms played a pivotal role in their analysis and findings.

ML is divided into several subcategories depending on its approach; two of them are supervised
learning and unsupervised learning algorithms. To learn to distinguish classes, supervised learning
algorithms require the data to be labeled by an expert. The dataset is split into two (or three) parts:
training data, validation data, and test data. The model is trained using data from the first set, and its
performance is assessed with test and/or validation data. Once trained and evaluated, the model may
be used to generate predictions on test data. Unsupervised learning algorithms, also known as
clustering algorithms, set up values into a defined number of classes based on the similarity distance
between variables in the presented data, and one of the best-known is K-means. This algorithm
establishes k seeds on n-dimension features obtained from data and then generates clusters that are
proximal one from the other. Artificial Neural Networks (ANNs) by their side, are supervised
algorithms that use labeled data, this labeling is made (mostly) by human experts and serves as a
guide for adjusting its parameters until it fits training data. It is important to compare both
approaches to make a more informed decision about which technique is more suitable for this
problem, data, and objectives. This paper performs this ML algorithms comparison in the behavioral
and productive traits determinants of bull survival in Mexico’s tropical altitudes. With this insight,
it is feasible to design appropriate animal breeding and management approaches to reduce bull
mortality rates. To the best of the authors’ knowledge, there is no ML application dedicated to bull
breeding classification. The main contribution of this work is the machine learning automation of bull
breeding classification for reproductive efficiency based on morphological, behavioral and semen
quality data.

2. Materials and Methods

2.1. Animals

The Animal Biology Reproduction Laboratory and the Cell Biology Laboratory of Veracruz
University utilized a Bull breeding soundness examination (N=359). [22] recommended assigning the
genetic groupings to be evaluated. Zebu bulls (n=73), “Bos indicus” (Gyr and Brahman), European
bulls (n=136), “Bos taurus” (Brown Swiss, Holstein, Charolais, and Simmental), and Crossbreed bulls
(n=150) (Holstein x Zebu, Brown Swiss x Zebu, synthetic breed bulls x Ze; Beef Master, Brahman x
Hereford x Shorthorn). All bulls aged 1 to 8 years were fed under an extensive grazing system that
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grazed Cynodon nlemfuensis and Brachiaria humidicola grasses [23, 24], with no evident health
impairment at the time of evaluation. During the 2018-2019 period, animals and semen samples were
collected and evaluated on farms.

The pregnancy rate was determined by dividing the total number of pregnant cows evaluated
per bull. The calving interval was calculated as the number of days between the birth of one calf and
the birth of the next one, both from the same cow. This information was derived from herd productive
and reproductive records, considering the time each bull remained in the herd [25, 26].

2.2. Morphological and behavioral evaluation

The Society for Theriogenology’s Manual for Breeding Soundness Examination (BBSE) in Bulls
was followed [27]. Body condition scores (scale 1-5) were evaluated in each bull using the approach
published by [28]. Scrotal circumference was measured in each bull using the technique provided by
[29]. The technique established by [30, 31] was used to rate libido (0 to 10 scale). Identifying a proper
set of variables correlating bull breading reproductive efficiency based on morphological, behavioral
and semen quality evaluation is a challenging task. The most relevant variables are depicted in Table
1, [27].

Table 1. Variables for BBSE.

Variable Scale Assessment Reference
Genetic group race objective [22]
Body Condition Score (BCS) 1to5 subjective (28]
Age years objective [31]
Scrotal circumference cm objective [29]
Semen volume ml objective [31]
Sperm Concentration x10¢ objective [34]
Individual Sperm Motility % subjective [33]
Gross motility category subjective (31]
Color creamy- translucent subjective [35]
Density 4to1 objective [35]
Libido 0to 10 objective [31]
[25]
Pregnancy rate % objective [26]
Cows n objective [26]
Calving interval days objective [26]

2.3. Semen quality evaluation

The semen samples were collected from January 2018 until December 2019, and each one was
assessed in the field within five minutes of being collected. Semen was obtained in a test tube with a
graduation of 1-15 ml, and volume, color, and density were evaluated macroscopically [30, 31]. A
three-electrode probe (Minitube, Verona, WL, USA; &: 2”7 / 5.08 cm; long: 33 cm) was used to try
electro-ejaculation to get a semen sample from each bull. No more than one electro-ejaculation
attempt was undertaken on each bull during each examination session [32]. The sperm motility of the
semen sample was promptly examined, and the materials in contact with the sperm were at the same
temperature as the sperm (to minimize temperature shock), clean, dry, and non-toxic. Individual
motility was measured in a sample that had been diluted with warmed saline solution. At 37 °C, a
drop of diluted sperm was deposited on a thermoplatin slide, covered with a coverslip, and examined
at 40X. The fraction of sperm traveling progressively across the field of vision was calculated by
locating multiple groups of ~10 sperm and estimating how many are progressive against how many
are not [33]. Sperm concentration (x10¢/mL), was determined using a spectrophotometric technique.
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Once the sample was obtained, a drop of undiluted semen was taken and placed in the Micro-cuvette
for SDM-1 (Minitube®) with a capacity of 2 pl, then inserted into SDM-1 photometer (Minitube®)
calibrated for bovine, and finally, the reading provided by screen equipment was obtained [34].
Semen density was categorized as very good (creamy, 4), grainy consistency with 750 to 1000 x10¢/ml,
Good (milk-like, 3) with 450 to 750 X10¢/ml, fair (skim milk-like, 2) with 250 to 450 x10¢/ml, poor
(translucent, 1) <250 x10¢/ml [35]. A study of the complete set of characteristics specified in Table 2
was required to determine a higher classification accuracy and identify the satisfactory,
unsatisfactory, and bad elements from the genetic group, analyzing their correlations and effects on
a clear classification. It is important to highlight that gross motility, color and density variables were
not selected for the analysis, given the high subjectivity of such tests.

2.4. Machine Learning analysis

Traditionally, farmers and bull breeding experts perform subjective bull breeding classification
based on the above data provided by veterinaries. This approach has been effective but can be greatly
improved using modern machine learning, data analysis tools and pattern recognition techniques.
Nonetheless, in real world applications such data might not be ideal, rendering challenges as
incomplete or unbalanced data. In Mexico, this difficulty arises from the fact that local bull-sperm
market is not relevant, therefore, data availability is hard to get.

Bull Breeding data from Sections 2.1 — 2.3 is condensed in Table 2. Dataset provides information
of 359 bulls; nevertheless, only for 213 bulls information about all the variables is present, as shown
in the filtered dataset in Figure 1. The first concern identified is that the dataset is unbalanced, as
practically all the bulls fit into one of the following categories performed by experts:

1. Satisfactory (A class): bulls have a high pregnancy rate in a short time.
2. Unsatisfactory (B class): Bulls have a low pregnancy rate.
3. Bad (C class): Bulls nearly seldom have cow pregnancies.

where most of the data fall into Class A, as depicted in Figure 1, making it difficult to identify the
second and third classes. This distribution occurs because when bulls are purchased, they are already
pre-selected for breeding based on their qualifications and an 81% accuracy rate (174/213 satisfactory
bulls), which is considered a high estimation rate.
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Genetic Group N= 359

Zebu Bos European Bos taurus N=136 Crossbreed N=150
BBSE indicus
parameters N=73
Brahman Gyr Simmental Brown Charolais ~ Holstein Angus  Limousin  Charolais X Holst X Swiss X  Symthetic X
(n=41) (n=32) (n=18) Swiss (n=78) (n=3) (n=7) (n=6) Ce (n=57) Ce Ce Ce (n=29)
(n=24) (n=2) (n=62)
BCS (1-5) 3.59 £ 0.08 3.37 + 3.63+£0.13 3.04 £ 3.27+£0.07 333+033 350+ 400+£022 2.85+0.04 4.00+ 3.24 + 3.96 £ 0.03
0.08 0.07 0.18 0.04 0.06
Age (years) 4.51+0.24 3.97 + 3.61+0.32 317+  417+024 433+033 357+ 466+080 500+£037 550+ 5.16 + 3.59+0.19
0.29 0.25 0.57 1.50 0.17
Libido (1-10) 7.73+0.19 731+ 8.15+0.32 - 7.43+0.18 - - - 742 +0.16 - 7.05+ -
0.32 0.20
Scrotal Circ. 3714 + 3681+ 37.44+028 3250+ 35.83 + 40.67 £ 36.57 + 34.16 + 36.87+0.23 4400+ 3830+ 36.28+0.68
(cm) 0.34 0.54 0.70 0.27 1.86 1.26 1.07 0.23 0.40
Semen vol. (ml) 548+0.33 5.03 = 4.25+0.39 492+  416+021 233033 585+ 583+170 356+018  4.00=+ 5.76 £ 4.62+0.33
0.24 0.60 0.91 2.00 0.32
Sperm Conc. 507.2 £ 4975+  4943+732 3388+ 496.0 + 263.3 £ 384.2 + 4133 + 621.2+50.6 250.0+ 4774+  496.9+49.4
(X109) 34.4 48.7 43.4 36.6 28.8 134.2 115.8 50.0 34.0
Sperm Mot (%) 53.41 + 56.56 +  53.61+6.38  64.38+ 60.91 + 2419 55.71 + 62.50 + 68.84+2.89 60.00+ 49.03+  65.00+2.57
2.96 3.57 4.46 2.73 1.44 7.10 12.63 10.00 2.94
Cows (n) 2717 + 29.00+  25.92+2.29 - 32.90 + - - - 28.78 +0.58 - 31.03 + -
1.29 1.92 0.76 1.08
Pregnancy rate 38.85 + 36.00+  41.15+1.46 3.04 = 4346+  333+033 350+  4.00+022 4544+178 4.00+ 3341+  3.96+0.03
%) 1.70 1.96 0.07 2.19 0.18 0.04 1.62
Satisfactoryn 37 (90.24) 25(78.13)  15(83.33) 14 60 (76.92) 0 (0.0) 5(71.42)  5(83.33) 45 (78.95) 2 (100) 51 29 (100)
(58.33) (82.26)

(%)
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Unsatisfactory 3(7.32) 6 (18.75) 3 (16.67) 10 16 (20.51) 3 (100) 2 (28.57) 1 (16.67) 12 (21.05) 0 (0.0) 6 (9.68) 0 (0.0)
. (41.67)
n (%)

Bad n (%) 1(2.44) 1(3.13) 0 (0.0) 0(0.0) 2 (2.56) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0(0.0) 5 (8.06) 0 (0.0)
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Figure 1. Bull data distribution. It is possible to observe that the data obtained is unbalanced due to the traditional BBSE
methodology.

Dealing with unbalanced data to perform a multiclass classification problem, when one class considerably
dominates the others, is one of the most challenging difficulties in ML. In this work, this is approached by class
augmentation paradigm. Furthermore, to identify an acceptable ML model for this difficulty, a variable pairing phase
is conducted, involving a comprehensive analysis of the dataset's categorization, as outlined in Table 1. In it, data
collected on the field is used to run an ML algorithm that classifies the animals according to the same BBSE standards,
anticipating the validation of the benefits of technological tools for dealing with the abundance of information used in
the design of automated processes to identify those individuals who exhibit the best breeding conditions.

Therefore, we proposed to perform ML data treatment as depicted in the end of section 3. For this sake, a first
correlation analysis aims to compare Age versus Motility Percentage. Nevertheless, results indicate, as a relevant feature
depicted in Figure 2, that Age is not correlated to Motility Performance since there is no increasing tendency in Age
toward Motility Performance or vice versa. In addition, there is a significant tendency for Satisfactory elements
concerning semen individual motility; higher than 40%, which is a suitable element for classification. Nonetheless, there
is considerable overlap between 20% and 30%, with a few unsatisfactory elements clustered around 80% motility.
Because of the skewed data, this becomes considerably more relevant.

Another finding from the semen analysis is a definite preference for Satisfying elements over 490 x106/mL of sperm
concentration, as depicted in Figure 3. However, even when the motility percentage was considered, there was still
insufficient information to distinguish between classes A and B (satisfying and unsatisfying). Nonetheless, based on the
dichotomous classification presented in Figure 1, it is feasible to note that class C is a subset of class B, which might lead
to both being misclassified.
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Figure 2. Comparison between two variables, Age and Individual Motility (%).

Although libido is expected to be a significant feature in bull classification; however, as shown in Figure 4, it is not
an important factor because there is no clear distinction between classes, and all are mixed. Furthermore, Figure 4
demonstrates that the B and C classes are difficult to differentiate due to their proximity, but it is ineffective in discerning
between classes A and C. This implies that the B and C classes are difficult to differentiate since they are so similar.
Although sperm motility is subjective, it is the most useful characteristic for discriminating between the three classes.
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Figure 3. Comparison between sperm concentration and individual motility (%).
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Figure 4. Scaled comparison between sperm density and libido (1-10). The upper histogram shows how bad elements are

concentrated inside the unsatisfactory region.

The variable pairing phase demonstrated no significant differences in this study. Nonetheless, some elements can
be obtained. For instance, combining multiple variable subsets may result in more separation than other approaches;
on the other hand, a subset of variables may be categorical, based on human judgment and/or instrument quality as
detailed by [36]. Our approach, instead, is to assess whether an individual may be classified as a Satisfying element is
based on two sorts of variables (A&P and Performance) as is seen in Table 3. Thus, the objective here is to determine
the absolute minimum of variables necessary to distinguish each class. To determine the most representative set of
variables it becomes essential to reduce them by eliminating categorical features, which are variables whose
categorization has been determined based on observations that may lead to human error in classification. Thus, it is
important to highlight that A&P variables represent raw and objective data from each bull. In contrast, Performance
Variables are provided by the supplier or can be obtained long after the bull has been purchased. These variables are
not entirely reliant on the bull as other aspects, such as the number of cows, climate, and so on, which might affect its
performance. Therefore, the five A&P variables are selected as the input variables for the ML analysis of section 3.1.

Table 3. Selected variables to be used on ML models.

Variable Type Source

Individual Motility (%)
Semen Semen Volume
Anatomy & Physiology (A&P) Sperm Concentration
Body Age
Scrotal Circumference
CI
Performance Num. Cows
Pregnancy Rate

It is worth to mention that there are several ML methods and architectures available in literature; the selection of
each is highly dependent on the data and application. Considering this, we propose to explore two paradigms of ML
unsupervised (K-means) and supervised (Fully connected Artificial Neural Network).
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3. Results

In the proposed ML-based prediction model, selecting a bull with an uncertain classification is reduced by
assigning a score to the bull and forecasting its performance in advance. There is a particular type of ML algorithm that
is devoted to multiclass classification, such as a required categorization of bulls, and the current approach examines
two subgroups to evaluate its efficiency: unsupervised (clustering analysis) and supervised learning algorithms (neural
networks).

3.1. Unsupervised Algorithm

The first approach will examine if an uninformed ML algorithm recognizes differences between groups of
individuals separated in a multiclass classification. The principal components (PCA) were extracted from the dataset to
provide information to the algorithm, and the K-means algorithm was used [37]. As shown in Figure 5, where the three
first components (PCA1 PCA2 and PCA analysis) from the eight-dimensional PCA feature vector are compared. Orange
elements from categories B and C (the Unsatisfying and Bad elements) and blue items from category A (as Satisfying),
may be noticed. When using this approach to construct the third class, the separation of the C class remained unclear,
hence the problem was reduced to a binary classification comparing the A class to the B and C classes.
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Figure 5. Left: First, second, and third components, Right: first and second components. Both for a Dichotomous (binary)

classification: Accepted for class A, and Rejected for B and C.

The result was compared to the true category of the individuals in the Table 1 dataset, yielding the confusion
matrix in Table 4 with an accuracy of 78%.

Table 4. Confusion matrix for the clustering analysis with the K-means algorithm.

Class A B&C Total
A 61.50% 20.19% 81.69%
B&C 1.41% 16.90% 18.31%
Total 62.91% 37.09% 100.00%

3.1. Supervised Algorithm.

Although the K-means clustering approach yields an acceptable accuracy (around BBSE) for determining whether
a bull is suitable for breeding, the classification findings require improvement. Deep learning techniques used in ANN
achieve excellent results for a wide range of classification applications. These techniques, however, are supervised
which means they must learn from a collection of elements in the dataset.

Different network morphologies and hyperparameters are used to evaluate which Fully-connected ANN (Dense)
model provides the best results for our purposes, each model is represented as a tuple (A,O,N) described as follows and
illustrated in Figure 6:
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e A= Activation Function: Sigmoid (S) and Relu (R).
e  O=Optimizer method: ADAM (A) and SGD.
. N = Number of neurons: 8, 16, 32, 64, 128, 256, and 512

ANN schema based on hyperparameter's placement ANN with two hidden layers schema based on hyperparameter’s placement

Hidden Layer [ A = Activation, [ A = Activation
© = Optimization, Hidden Layer o = Optimizatian,

Input layer @ N = Number of Neurons ] Input layer ® @ N = Number of Neurons ]
1
O Output layer O Output layer
Q I satisractory. 1 O I satisfactory I
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A & P Bull's Input Variables
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Figure 6. Schema of two Artificial Neural Network achitectures using five input Variables (A&P) and three the different
hyperparameters [A,O,N] that have been evaluated. a) ANN with one hidden layer b) ANN with two hidden layers.
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Figure 7. Run tests for ANN with one hidden layer and three hyperparameters (neurons, optimizer, and activation
function).

Combining these three hyperparameters (neurons, optimizer, and activation function), the number of neurons
determining input, and one or two hidden layers of neurons resulted in model comparison Figures 7-9. Moreover, it
was tested with different elements from the dataset that were randomly assigned between 70% and 30% for the training
and validation procedures (Cross-fold validation). Notice that, to render a validation of the proposal, many different
training and test sets were randomly considered to get maximum the mean precision with the minimum uncertainty
(see Figures 7 to 9).

For one hidden layer ANN, two models generated the best results. On the one hand, there is a 512-512-3 model for
the input and hidden layers with an ADAM optimizer and a sigmoid activation function. This model has a 96.71%
average accuracy and a standard deviation (STD) of 0.0066. In contrast, the 256-256-3 model obtains 96.71% and an STD
of 0.0175. Both models are accurate, but the one with 512 neurons has less variability.
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Figure 8. Test for ANN with two hidden layers and different hyperparameters.

For models 256-256-256-3 and 512-512-512-3, the two best ANNs with two hidden layers reach 96.71% and 96.24%,
respectively, with an STD of 0.0175. We cannot observe any enhanced result with extra layers based on this study, but
it does indicate the requirement for more hardware resources. Nevertheless, as discussed in Section 3, input variables
are divided into two groups. A&P variables may be collected in situ; the other variables will be gathered over time
based on their performance. To evaluate the bull straight away, only the A&P bull variables are examined, which are
then put through to multiple neural network topologies in the same manner as before to discover the best fit for this

case, as shown in Fig. 9.
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Figure 9. Test for ANNs with two hidden layers and different hyperparameters trained with only five input variables.

The best fit was reached by the 256-256-256-3 model with ADAM optimizer and sigmoid activation function, with
96.71% accuracy and STD of 0.0175, which was identical to the one attained with eight variables. Nevertheless, unlike
models with eight input variables, it is simple to detect overfitting by comparing its loss and learning plots, as seen in
Figure 10.
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Figure 10. Accuracy and Loss plots for ANN 256-256-256-3 model with five variables, overfitting may be recognized as
early as 20 epochs.

To solve the overfitting problem, synthetic data for each class was required using conventional data augmentation
techniques based on normal distributions. As seen in Figure 11, this procedure allowed us to have a more balanced
dataset and run our model without overfitting. The following categorization results were obtained (Table 5)

Table 5. Categorization results based on the proposed model.

Class Precision Recall f1-score Support
Unsatisfying 0.85 1.00 0.92 51
Bad 0.92 0.96 0.94 24
Satisfying 0.97 0.75 0.85 44
Accuracy 0.90 119
Macro avg. 0.91 0.90 0.90 119
Weighted avg. 0.91 0.90 0.90 119
model accuracy model loss
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Figure 11. Accuracy and Loss plots after the data augmentation process.

As depicted in Figure 11, the ANN has an accuracy of 90%. Precision was 97% for class A (satisfying), 92% for class
B (unsatisfying), and 85% for class C (Bad) (considering the ratio of True positive and True negative with the rest). In
practice, all C Class members who are not labeled as C are classified as Class B, which is a rejected bull. The TensorFlow
and SCI-Kit libraries, as well as the Python programming language, were used in the testing [38].

4. Discussion

The bull breeding soundness evaluation (BBSE) has grown into a low-cost veterinary treatment that offers benefits
such as risk reduction and increases in strategic bull deployment, herd fertility, and economics [39]. The presence of
many interactions or correlations between predictors significantly restricts the capability of traditional statistical
approaches based on univariate hypotheses and independent explanatory variables. Although numerous statistical
parametric algorithms [40] have been developed to increase prediction in huge datasets with few observations, these
methods are computationally intensive. Because meaningful data are abundant, ML algorithms may be used to extract
information from massive and complex data sets and learn patterns from sample observations to generalize them for
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whole populations [41]. Two algorithms, clustering, and ANN were studied to determine the optimum ML approach
for our application, with an emphasis on data categorization accuracy. The proposed ML-based predictive model for
bull classification is a two-step approach that combines clustering analysis followed by an ANN model to classify bulls
into three categories: satisfying, unsatisfactory, or bad. The ANN model outperforms the clustering analysis approach
with a 90% accuracy. One of the key advantages of the proposed model is that it may be used to predict the performance
of a bull even if it has not yet been tested. As a result, the model is a significant tool for breeders who need to make
informed decisions regarding which bulls to use for breeding. Another feature of the proposed model is its ease of
implementation using a range of ML libraries. However, it is important to be aware of the limitations of the model, such
as the necessity for representative training data and the risk of overfitting. The bull parameters were obtained from the
Universidad Veracruzana's Faculty of Veterinary and Animal Sciences over several years. Regardless of whether the
classification was meant to distinguish three classes, the primary purpose is to distinguish the "Satisfying" class from
the others. For this classification, the ML model obtained a 90% accuracy rate with only five input variables, compared
to 81% for traditional BBSE done by local farmers, using only the physiological and morphological features of the
animal. This is a significant result indicating that a model is a reliable tool for selecting a bull classification. In addition,
because the computational evaluation implies one task in no more than 3-5 minutes for offline training, depending on
the volume of data, and less than a second for each classification result, it is not even comparable with the manual
process, which may take several days to decide on the best group of bulls. Though the algorithms work well with small-
scale cattle data, a larger sample with a more balanced dataset is expected to produce a more accurate classification
closer to real data (without synthetic data). It is also envisaged that the actual use of this tool on farms would enhance
livestock management; hence, data collecting will be a necessary duty. This is the first study to use ANN for automated
classification in the context of bull breeding. Animal farming techniques in the Mexican tropics require upgrading to
compete with modern systems, as is taking place in other regions of Mexico. The use of artificial intelligence (AI)
technologies in specific prediction models based on neural networks will help livestock farmers to better evaluate such
systems.

5. Conclusions

This paper performs this ML algorithms comparison in the behavioral and productive traits determinants of bull
survival in Mexico’s tropical altitudes. With this insight, it is feasible to design appropriate animal breeding and
management approaches to reduce bull mortality rates. To the best of the authors’” knowledge, there is no ML
application dedicated to bull breeding classification. Furthermore, using only five variables in our classification model,
we were able to determine bull viability with 90% accuracy, which is higher than traditional BBSE, and it could even be
done using only the physiological and morphological features of the animal.
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