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ABSTRACT - The aim of this study was to predict pregnancy in beef heifers, identifying 
the most impactful variables using computational modelling. Developmental data of 98 
heifers up to 480 days (16 months) of age (Charolais, Nellore, and their crossbreeds) 
were used. At the beginning and end of the mating season initial body weight (IBW), 
initial body condition score (IBS), final body weight (FBW), and final body condition 
score (FBS) were assessed. The age at the start of the mating season (AGE), and the 
genetic composition of the heifers were also evaluated. Principal Component Analysis 
(PCA) was carried out, where the first two components (PC1 and PC2) explained 60.7% 
of the total variance in the data. The PCA biplot revealed a separating trend, with PC1 
(44.6%) associated with weight and age, while PC2 (16.1%) was related to the body 
condition score and genetics. A random forest (RF) model was then developed and 
trained to classify pregnancy status, achieving an area under the ROC curve (AUC) of 
0.80, showing the model to have discriminatory power. The variables with the greatest 
predictive importance were IBW (30.1%), EBW (19.9%), IBS (14.4%), and EBS (12.4%). 
Nellore genetics is the main factor for pregnancy, followed by variables related to 
development, nutritional status and age. The combination of PCA and RF proved to be 
a reliable approach for identifying critical factors and predicting reproductive success 
in beef heifers.
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1. Introduction

In the context of geopolitical instability, climate change and population growth, the global supply 
of animal protein has become a strategic pillar for food security and the Brazilian economy, 
internationally recognized for its production of high-quality beef (Farias et al., 2023). In southern 
Brazil, forage seasonality is common, in addition to increasing pressure for agricultural land to be 
allocated to grain production (Jaurena et al., 2021).

To remain competitive and environmentally sustainable, beef production systems must increase 
productivity without expanding the production area. Breeding herds aim to increase the pregnancy 
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rate by reducing the age at first calving. These indicators impact calf production (Pravia et al., 2014) 
and improve its carbon footprint (Cullen et al., 2016). Optimizing these parameters maximise calf 
production, reduces the maintenance costs of unproductive animals, accelerates the return on 
investment in genetics, and increases protein production per unit of carbon emitted (Cullen et al., 2016).

Pregnancy in heifers is a complex process influenced by both genetic and environmental factors 
(Restle et al., 1999; Vaz et al., 2012; Kgari et al., 2020). Choosing the appropriate genetic group and 
individual for a given production environment is crucial for reproductive efficiency. However, no 
single genetic group is fully adapted to all production environments. Therefore, evaluating genetic 
groups and their crossbreeding combinations to take advantage of heterosis is a viable strategy for 
improving the efficiency of production systems (Restle et al., 1999). In addition, an environment 
suited to the animal’s requirements promotes adequate development through proper management 
and nutrition, factors directly associated with improved reproductive performance (Eloy et al., 2022). 
Since pregnancy is a multifactorial and complex trait, new approaches for identifying and predicting 
key variables are important for improving efficiency and intensifying production systems.

Research on more efficient tools for predicting production variables, such as pregnancy, has gained 
increasing attention (Brand et al., 2021; Rabaglino et al., 2023). Machine learning has emerged as a 
promising technology due to its ability to analyze large and complex datasets and identify patterns 
that may not be detected through conventional statistical approaches (Schleder and Fazzio, 2021). 
The application of machine learning algorithms enables the development of predictive models that 
can support strategic decision-making, ranging from the selection of animals with greater production 
potential to the optimization of management practices (Zhang et al., 2021). In this context, predicting 
pregnancy in beef heifers using machine learning allows the early identification of conception 
likelihood, making it possible to implement more targeted and efficient management interventions 
(Marques et al., 2024). Among the various machine learning algorithms, decision trees, particularly 
random forest, stand out because of their robustness and ability to process complex datasets by 
averaging multiple decision trees while minimizing overfitting (Breiman, 2001).

Random forest is an ensemble learning method that constructs multiple decision trees during the 
training process and predicts the final outcome based on the majority vote for classification tasks or 
the average prediction for regression tasks (Breiman, 2001). The ability of random forest to identify 
the relative importance of predictor variables makes it a valuable tool for identifying the main factors 
influencing pregnancy in beef heifers. Therefore, the aim of this study was to predict pregnancy in 
beef heifers by identifying and quantifying the effects of phenotypic variables and genetic groups using 
machine learning based on the random forest algorithm.

2. Material and methods

All animal handling and procedures were approved by the Ethics Committee for the Use of Animals 
(CEUA) of the Universidade Federal de Santa Maria under process number 2388280122.

2.1. Location

The experiment was conducted at the Animal Science Department of the Universidade Federal de Santa 
Maria, located in the Central Depression of the state of Rio Grande do Sul (29°43' S, 53°42' W, altitude 
95 m). According to the Köppen classification, the climate is subtropical (Alvares et al., 2013).

2.2. Animals

A total of 98 heifers were used, with an average initial age of 420 days (fourteen months) and an average 
initial weight of 255 kg, from the Charolais (CH), Nellore (NE), 1/2 CH 1/2 NE, 1/2 NE 1/2 CH, 3/4 CH 
1/4 NE, 3/4 NE 1/4 CH, 5/8 CH 3/8 NE, and 5/8 NE 3/8 CH genetic groups. The sires of the purebred 
Charolais and Nellore heifers were the same as those of the crossbred heifers.
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2.3. Nutritional management

Prior to the experiment, the heifers were kept on natural pasture with their mothers until weaned at 
an average age of 210 days (seven months). From 210 days (seven) to 420 days (fourteen months), 
the calves remained on cultivated winter pasture consisting of Triticale (Tritico secale) and Italian 
ryegrass (Lolium multiflorum) at an average stocking rate of 5.7 heifers/ha or 1,200 kg live weight/ha.

During the mating season (420 days to 480 days), the heifers were kept on natural pasture (average 
stocking rate of 3.0 heifers/ha or 810 kg body weight/ha), receiving concentrated supplement at 0.42% 
of body weight. The paddock of natural pasture had been earlier fertilised over the winter period, with 
the introduction of oats via direct sowing. Once the oats were harvested, the remaining pasture was 
mowed and deferred for 45 days prior to the mating season.

The heifers gradually adapted to the management and supplement over a period of 19 days. The 
supplement was a commercial pelleted concentrate consisting of soybean hulls, wheat bran and 
molasses, with a total of 12.5% crude protein (CP) and 67.3% total digestible nutrients (TDN).

Supplementation lasted 90 days and was always offered at 07:00 in troughs accessed from both sides, 
giving a total length of 1.0 linear metre per animal. After weaning, the batch of heifers was maintained 
as a single group in the same area of pasture and was always provided with good-quality water and 
suitable minerals for the category.

2.4. Data collection

The animals were weighed at weaning, and at the beginning and end of the reproductive period after 
minimum fasting period of eight hours. In addition, body weight was recorded every 21 days to monitor 
weight gain and adjust the stocking rate, and during the reproductive period to adjust their supplement 
intake. The average daily gain (ADG) was determined as the difference between the initial and final 
weights of the heifers divided by the number of days in the period under evaluation. Subjective body 
condition score assessments were also performed at the time of weighing according to Lalman and 
Stein (2024) were also carried out when weighing. These assessments were made visually assigning 
scores from 1 to 5, in which 1 = very lean, 2 = lean, 3 = average, 4 = fat, and 5 = very fat.

2.5. Health and reproductive management

The mating season lasted 90 days, and artificial insemination was used as the reproductive method 
without the use of natural mating. Estrus detection was performed twice daily, in the morning and 
afternoon. Heifers detected in estrus during the morning were inseminated in the afternoon, whereas 
those detected in estrus during the afternoon were inseminated the following morning. Semen from a 
single Red Aberdeen Angus bull was purchased in a single batch, and all insemination doses originated 
from the same collection lot. Pregnancy diagnosis was performed by ultrasonography 30 days after 
the end of the mating season. At the end of the reproductive period, 52 heifers were diagnosed as 
pregnant (53.06%), whereas 46 heifers were classified as non-pregnant (46.94%).

Health management consisted of vaccinations that were administered in accordance with the schedule 
of the Rio Grande do Sul Department of Agriculture. Endo- and ectoparasites were strategically 
controlled using specific products whenever necessary, based on the degree of infestation.

2.6. Statistical analysis

The data were submitted to principal component analysis (PCA), which was carried out in the Python 
programming environment using the scikit-learn package, to investigate the relationships between 
performance characteristics and to evaluate the grouping of heifers based on the pregnancy response 
variable (0 = non-pregnant; 1 = pregnant).
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The variables included in the PCA were initial body weight (IBW), final body weight (FBW), initial 
body condition score (IBS), final body condition score (FBS), age (AGE), and genetic dominance, 
coded as indicator variables for Zebu and synthetic (crossbred) groups, with taurine animals used 
as the reference category. The coding procedure was performed using dummy variables through 
the get_dummies function of the pandas library, with drop_first = True to ensure reference category 
coding.

The random forest (RF) procedure, implemented with the scikit-learn package RandomForestClassifier, 
was used to identify the most relevant variables associated with pregnancy. Although PCA was used to 
visualise the data structure, variable selection in the RF model was carried out independently based 
on the mean reduction in the Gini coefficient. The RF classifier operates by generating a set of decision 
trees trained on random subsets of samples (bootstrap = false) and random subsets of variables at each 
split, improving the robustness of the model and reducing overfitting.

The explanatory variables submitted to RF were categorised into four groups: (1) body weight (IBW 
and FBW), (2) body condition score (IBS and FBS), (3) genetic dominance (Breed Zebu and Breed Synt) 
with Taurine as the reference value, and (4) heifer age in days (AGE). The occurrence of pregnancy 
was used as the response variable. The dataset was randomly divided into two subsets, with 70% 
of the observations used for training and the remaining 30% for testing, using random_state=42 to 
ensure reproducibility. This internal validation approach (holdout) was adopted as an alternative to 
external validation. The random forest model was trained with 1,000 trees (n_estimators=1000) and 
a maximum depth of four levels (max_depth=4) to prioritise more-robust and global splits in line with 
field knowledge, aiming for greater interpretability.

The statistical procedures employed for Random Forest modelling followed recommended practices 
for supervised learning in biological datasets, as described by Breiman (2001) and Hastie et al. 
(2009). All analytical procedures were implemented in Python (version 3.11). The following library 
versions were used to ensure reproducibility: pandas (v2.2.3), numpy (v1.24.0), scikit-learn (v1.4.2), 
matplotlib (v3.7.5), and seaborn (v0.11.2). The full set of hyperparameters adopted in the Random 
Forest classifier was explicitly defined as follows: n_estimators = 1000, max_depth = 4, criterion = “gini”, 
bootstrap = False, max_features = “auto” (default), min_samples_split = 2, min_samples_leaf = 1, class_
weight = None, and random_state = 42. The same random seed (random_state = 42) was applied to 
both the training/testing split and model construction to ensure deterministic and fully reproducible 
outputs.

Preprocessing steps consisted exclusively of dummy-encoding the categorical variable “Breed” using 
the pandas.get_dummies(drop_first=True) function, with Taurine as the reference category. No scaling 
procedures were applied, as all predictors were expressed in compatible numerical units. The dataset 
contained no missing values, which was verified before model training. All predictors entered the 
models exactly as recorded in the original field dataset, without imputation or modification.

To evaluate model performance, the confusion matrix, accuracy, precision, recall, specificity, receiver 
operating characteristic (ROC) curve, and the area under the ROC curve (AUC) were all calculated. 
Although the pregnancy outcomes in the dataset were practically balanced (53% pregnant vs. 47% not 
pregnant), we calculated the balanced accuracy (0.768) and the area under the precision-recall curve 
(AUC-PR = 0.700). No class weighting strategy was necessary, as both classes contributed similarly 
to the model training process. The importance of each variable was determined based on its average 
contribution to reducing Gini impurity at the tree nodes. In addition, a representative decision tree was 
extracted from the RF model (composed of 1,000 trees). This tree was exported for visualisation using 
the export_graphviz function. In a complementary step, a full decision tree (DecisionTreeClassifier) 
was also trained, but with no depth restriction (max_depth = None), using the same training data. The 
full decision tree was used to evaluate the maximum splitting potential for each variable, with the aim 
of providing a complete overview of the modelling process.
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3. Results

The PCA was used to reduce data dimensionality, simplifying their interpretation by transforming 
correlated variables into uncorrelated principal components, preserving the main sources of variation. 
The resulting generated orthogonal matrix allowed underlying patterns to be identified and facilitated 
visualization of the data structure. After running the PCA, the first two principal components were 
plotted on a biplot, with colors indicating pregnancy status.

The biplot was constructed based on the developmental and genetic variables of the heifers (Figure 1), 
with the colour of the points representing their gestational status: pregnant (blue) and non-pregnant 
(orange); the multivariate variation of the data allowed for natural separation of the groups of 
pregnant and non-pregnant heifers. The first two principal components (PC1 and PC2) explained a 
considerable proportion of the total variance, with PC1 = 44.6% and PC2 = 16.1%, giving a total of 60.7%. 

The PC1 axis was composed of body weight at the beginning and end of the study, as well as age, 
indicating a positive correlation among these variables. PC2 was composed of body condition score at 
the beginning and end of the mating season and the genetic variable representing crossbred animals. 
In contrast, pregnancy was oppositely associated with the genetic factor of Zebu origin. The taurine 
genetic component was used as the reference category and, therefore, does not appear explicitly in the 
graph.

Pregnant heifers were primarily concentrated on the left side of the biplot, in the same direction as the 
vectors representing body weight, body condition score, crossbred animals, and age at the beginning 
of the breeding season, suggesting that pregnancy was associated with greater age, improved body 
development, and hybrid vigor. In contrast, non-pregnant heifers were concentrated in the upper and 
lower right quadrants of the biplot, in the same direction as the vector representing Zebu genetic 
origin, suggesting that this factor may be associated with less favorable conditions for pregnancy in 
heifers aged 420 to 480 days (14-16 months).

Figure 1 - PCA biplot of beef heifers by pregnancy status. 

Crossbred - genetic origin of crossbred animals; IBS - body condition score at the start of the breeding season; FBS - body condition score at the end 
of the breeding season; FBW - body weight at the end of the breeding season; IBW - body weight at the start of the breeding season; AGE - age at the 
start of the breeding season; Zebu - genetic origin of zebu animals.
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The receiver operating characteristic (ROC) curve was used to evaluate the predictive performance 
of the random forest model for classifying pregnancy status in beef heifers. The ROC curve was 
constructed by plotting the true positive rate against the false positive rate across different 
classification thresholds. The model achieved an area under the curve (AUC) of 0.80, indicating good 
discriminatory ability (Figure 2). This AUC value indicates that, when randomly selecting a pair of 
heifers, the model has an 80% probability of correctly assigning a higher pregnancy likelihood to 
a pregnant heifer than to a non-pregnant heifer. The shape of the ROC curve and its distance from 
the diagonal reference line further demonstrate the ability of the model to discriminate between 
pregnant and non-pregnant heifers. Thus, the curve represents the relationship between sensitivity 
and specificity across a range of classification thresholds.

The most important variable in the random forest (RF) was IBW, followed by FBW, IBS and FBS 
(Table 1). Immediately following the variables related to development and, consequently, nutrition, 
the predominance of the zebu and taurine genetic origins stands out, as well as the age of the heifers 
at the start of mating.

Table 1 - Importance of the variables evaluated using random forest
Variable Importance (%)
Weight at the start of the mating season (IBW) 30.1
Weight at the end of the mating season (FBW) 19.9
Body score at the start of the mating season (IBS) 14.4
Body score at the end of the mating season (FBS) 12.4
Cross with predominantly zebu genetic origin 11.0
Age at mating (AGE) 9.6
Cross with predominantly taurine genetic origin 2.7

Figure 2 - Receiver operating characteristic (ROC) curve of the random forest model developed to classify 
pregnancy in beef heifers.
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The most representative decision tree for predicting pregnancy in beef heifers, based on the variables 
body weight, age and predominance of genetic origin (taurine or Zebu) considered body weight at the 
beginning of the breeding season as the main reference for the model (Figure 3). The tree with a depth 
of four levels was extracted from a composite of 1,000 trees for the purposes of interpretation, all 
created by the random forest model.

The weight at the beginning of the reproductive period was the main segmentation variable at the 
root node, demonstrating its importance as the primary splitting criterion in the model. Heifers were 
initially separated into groups with body weight ≤264 kg or >264 kg and subsequently directed along 
different classification paths. In the first branch, heifers with IBW >264 kg and FBS >4.05 points were 
classified as “non-pregnant”. The conclusive result observed in this branch, characterized by a pure 
node (Gini = 0.0), suggests a negative effect of excessive body condition score on fertility within the 
evaluated dataset. In contrast, pregnancy classification was associated with heifers presenting IBW 
>264 kg, FBS <4.05 points, and FBW >353.5 kg, possibly combined with AGE <438 days.

For the second path, heifers with an IBW ≤ 264 kg depend on FBS being ≤ 3.35 points, i.e. if FBS is ≤ 3.35, 
the heifer is considered not pregnant. On the other hand, heifers with an IBW ≤ 264 kg but FBS greater 
than 3.35 points must have less than 50% Nellore genes in their genetic makeup to be pregnant; with 
more than 50%, they are considered not pregnant as long as they have an IBW ≤ 264 kg.

IBW <= 264.5

gini = 0.5

samples = 98

value = [46, 52]

class = Pregnant

FBS <= 3.35

gini = 0.41

samples = 52

value = [37, 15]

class = Not Pregnant

FBS <= 4.05

gini = 0.31

samples = 46

value = [9, 37]

class = Pregnant

FBW <= 353.5

gini = 0.29

samples = 45

value = [8, 37]

class = Pregnant

Breed_Zebu <= 0.5

gini = 0.48

samples = 15

value = [6, 9]

class = Pregnant

FBW <= 292.5

gini = 0.27

samples = 37

value = [31, 6]

class = Not Pregnant

IBS <= 3.05

gini = 0.14

samples = 26

value = [24, 2]

class = Not Pregnant

FBW <= 300.5

gini = 0.46

samples = 11

value = [7, 4]

class = Not Pregnant

IBW <= 242.0

gini = 0.43

samples = 13

value = [4, 9]

class = Pregnant

FBW <= 348.5
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samples = 25

value = [7, 18]

class = Pregnant

AGE <= 438.0
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gini = 0.0
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class = Not Pregnant
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samples = 2

value = [2, 0]

class = Not Pregnant

gini = 0.0

samples = 17

value = [17, 0]

class = Not Pregnant

gini = 0.35

samples = 9

value = [7, 2]

class = Not Pregnant

gini = 0.44

samples = 6

value = [2, 4]

class = Pregnant

gini = 0.0

samples = 5

value = [5, 0]

class = Not Pregnant

gini = 0.22

samples = 8

value = [1, 7]

class = Pregnant

gini = 0.48

samples = 5

value = [3, 2]

class = Not Pregnant

gini = 0.34

samples = 23

value = [5, 18]

class = Pregnant

gini = 0.0

samples = 2

value = [2, 0]
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gini = 0.0

samples = 15

value = [0, 15]

class = Pregnant

gini = 0.32

samples = 5

value = [1, 4]
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True False

IBW - weight at the start of the breeding season; FBS - body condition score at the end of the mating season; FBW - weight at the end of the mating 
season; AGE - age at the start of the mating season; Breed_Zebu - percentage zebu (0 = taurine, 1 = zebu); FBS - body condition score at the end 
of the mating season; IBS - body condition score at the start of the mating season; Gini - Gini index (measure of impurity in split data); Samples - 
percentage of samples or data analysed from the total database at each node of the tree; Value - percentage of samples of each class (pregnant or 
not pregnant) at each node; Class - final classification of the heifer.

Figure 3 - Representative decision tree extracted from a random forest model trained with a maximum depth 
restricted to four levels to predict the likelihood of pregnancy in beef heifers.

4. Discussion

The explanation of 60.7% of the total variance (PC1 = 44.6% and PC2 = 16.1%) afforded by the first 
two components of the principal component analysis (PCA) is considered satisfactory given the 
multifactorial nature of pregnancy in beef heifers. Studies using PCA in animal science have reported 
different proportions of explained variance for the first two components, reflecting the complexity 
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of the zootechnical traits evaluated. To understand the components that explained egg production, 
the value of the two principal groups explained 68% of the results (Paiva et al., 2010), confirming the 
complexity of correlating production characteristics. Investigating the components that influence the 
variability of part-Nellore carcasses, PCA was able to explain 51.91% of the variation with the first 
two components, underlining the impact of the environment on animal production (Silva et al., 2015). 
Reinforcing the complexity and variability of production-related traits, Vaz et al. (2024), evaluating 
characteristics that increase the risk of bruising in cattle carcasses, found only 36.67% of the 
occurrences explained by the first two principal components.

The associations observed in PC1 (initial and final body weight and heifer age during the mating 
season) and PC2 (initial and final body condition scores during the mating season and heterozygosity 
resulting from different crossbreeding generations) indicate that more-developed crossbred heifers 
with better body condition scores and greater physiological maturity were more likely to become 
pregnant. These results suggest that adequate nutritional management during the rearing period is 
essential to ensure that heifers begin the mating season with greater body weight and improved body 
condition, factors directly associated with higher pregnancy rates.

Although PCA does not have predictive capability, it provided a robust exploratory basis for the 
subsequent development of supervised models, such as random forest (RF). The AUC value of 0.80 
achieved by the random forest classifier demonstrates a strong ability to discriminate between 
pregnant and non-pregnant heifers. Random forest provides robust analytical performance through 
the combination of multiple decision trees, enabling the capture of non-linear interactions while 
reducing overfitting, often outperforming linear approaches such as logistic regression (Breiman, 
2001; Hastie et al., 2009). The region of the ROC curve closest to the upper left corner (Figure 2) 
indicates that the model maintained high sensitivity even at moderate false-positive rates, which is 
desirable in reproductive management systems where maximizing pregnancy rates is a priority. These 
results support the application of random forest as a decision-support tool in breeding programs, 
particularly for identifying heifers with greater probability of conception based on phenotypic and 
genetic characteristics.

In terms of the predictor variables, random forest highlighted the IBW, FBS, FBW and AGE of the 
heifers as the factors with the most influence on pregnancy. In a second instance, the percentage of 
zebu blood plays a part in the reproductive success of beef heifers. These results confirm that when 
heifers start the mating season with more weight and a better body condition score, they tend to have 
higher a rate of fertility (Vaz et al., 2012; Landarin et al., 2016; Silva et al., 2018; Dickinson et al., 2019).

Studies that stratified herds of heifers mated between 420-480 days (14-16 months) of age into 
weight ranges (Vaz end Lobato, 2010; Vaz et al., 2012) found higher pregnancy rates in the heavier 
weight classes. According to the NRC (2016), a taurine heifer needs to reach 60% of its adult weight 
to be suitable for breeding. For breeds of European origin, the weight of the heifers is close to those 
predicted as the cutoff point by random forest. For zebu breeds, which mature later, the recommended 
cutoff for breeding is around 65% of the adult weight. This was confirmed in the present study since 
the pregnancy rate in females with a higher degree of zebu blood was lower. In addition, it should be 
noted that heifers of both genetic origins were in a subtropical climate, where breeds of European 
origin naturally tend to produce more than do breeds of zebu origin (Restle et al., 2001). Gregianini et al. 
(2021) demonstrated the importance of a minimum weight for Nellore heifers mated at 330-420 days 
(11-14 months), who achieved a reproductive index of 42% with an average of 280.17 kg, a difference 
of 12.43 kg compared to non-pregnant heifers.

The inclusion of IBW and FBW as important predictors suggests that not only the initial weight, but 
also the capacity for weight gain during the mating season contribute to better rates of pregnancy. 
However, IBW alone does not ensure reproductive success if heifers in the event of weight loss during 
the mating season, as demonstrated by the importance of weight and body condition score in the PCA 
(Vaz et al., 2012).

However, body weight alone is not the only determinant of pregnancy at 420 days (14 months) of 
age, as the physiological maturity of the heifers also plays an important role. Older heifers generally 
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exhibit higher pregnancy rates and greater likelihood of conception (Rocha and Lobato, 2002; Vaz 
and Lobato, 2010; Landarin et al., 2016; Dickinson et al., 2019). Pregnancy at 420-480 days (14–16 
months) of age is therefore the result of an interaction between age and weight, with weight being 
closely associated with the body condition score.

In many cases, age is considered one of the main factors influencing reproductive tract maturity and 
has been described as a predictor of pubertal status in female cattle (Holm et al., 2015). It should also 
be noted that heifers younger than 368 days at first mating exhibited reduced reproductive success 
(Dickinson et al., 2019). This finding is consistent with the present study, in which the model classified 
females above this age threshold as pregnant.

Zebu genetic background was associated with lower pregnancy rates in heifers bred at 420-480 days 
(14-16 months) of age, indicating that breed composition plays an important role in the reproductive 
performance of beef heifers. The lower reproductive performance observed in purebred Nellore 
heifers, as well as in animals with a greater proportion of Zebu genes, may be associated with poorer 
adaptation to the environmental conditions in which the study was conducted. The characteristics 
of the production system and regional climatic conditions, together with the genetic background of 
Nellore heifers, may not provide ideal conditions for adequate pre-mating development. In particular, 
the heifers were exposed to periods of adverse environmental conditions, including low temperatures, 
to which this genetic group may be less adapted.

The early identification of females with lower probability of pregnancy allows the implementation 
of targeted management interventions, such as nutritional supplementation or the selective culling 
of unproductive animals, thereby optimizing return on investment. This approach also enables the 
allocation of more expensive genetic resources to heifers with greater reproductive potential. In 
addition, achieving pregnancy at an early age contributes to faster amortization of cow production 
costs, as a cow is estimated to require the production of six calves to offset these costs (Boyer et al., 
2020), thereby maximizing productivity and economic return.

The ability of the model to distinguish between pregnant and non-pregnant animals, with an AUC of 
0.80, highlights the potential of machine learning for optimizing reproductive management programs 
in cattle production systems. Similarly, an AUC of 0.75 was reported when applying machine learning 
algorithms to predict insemination success in Holstein cows (Shahinfar et al., 2014).

For future studies, the use of larger and more robust datasets, as well as the inclusion of temperament 
assessments in heifers, is recommended to improve predictive accuracy. Furthermore, the performance 
of random forest models may be enhanced by incorporating additional sources of information, such as 
physiological indicators and sensor-derived data (Rabaglino et al., 2023; Marques et al., 2024).

Although the results obtained were satisfactory, some limitations should be acknowledged due to 
their implications for the generalization of the findings. This study was conducted under subtropical 
environmental conditions, using animals from a single herd and a limited sample size. Therefore, 
additional studies are required to validate the proposed analyses, as reproductive performance is 
strongly influenced by environmental conditions. Further improvements in the analyses should 
include the evaluation of additional breeds and different management systems, as well as the 
incorporation of new reproductive-related variables, such as the hormonal status of the heifers.

5. Conclusions

In the specific context of the present dataset and management conditions, phenotypic and nutritional 
factors proved to be more decisive for pregnancy than the differences associated with the genetic group. 
The decision tree model efficiently predicted pregnancy in beef heifers, demonstrating its potential 
as an effective decision-support tool, particularly for reproductive and mating management systems.

Data availability
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