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ABSTRACT

The implementation of machine learning models to predict reproductive
variables in sows represents a fundamental tool for optimizing management in
swine production systems. The objective of this study was to evaluate the
predictive capacity of random forest (RF) and dense neural network (DNN)
models to predict live birth piglets (LBP), total piglets born (TPB), average
piglet weight (APW), and piglet mortality rate (PMR), using backfat thickness
(BFT) as the predictor variable. A total of 571 records from a commercial swine
farm were analyzed, of which 348 were used after data cleaning. Models were
developed in Google Colaboratory using cross-validation for hyperparameter
tuning. Performance was evaluated using mean squared error (MSE), mean
absolute error (MAE), root mean squared error (RMSE), and relative percentage
error (RPE). For LBP, the MAE was 1.51 in both models, with MSEs of 3.62
(DNN) and 3.53 (RF), and RMSEs of 1.90 (DNN) and 1.88 (RF), respectively.
The RPEs were 13.59% and 13.41%, respectively. For TPB, the MAE was 1.61
in both models, with MSE values of 3.99 (DNN) and 3.95 (RF), and RMSE
values of 2.00 (DNN) and 1.99 (RF), respectively. The RPE was 13.74% and
13.64%, respectively. For APW, both models showed satisfactory fit with RMSE
of 0.063 kg and RPE close to 4.5%. PMR prediction was poor, with RPE
exceeding 92% in both models. RF and DNN models demonstrated predictive
potential for LBP, TPB, and APW using only BFT.

that young animals with higher BFT values reach puberty

INTRODUCTION

In swine production, the reproductive efficiency
of sows represents a fundamental aspect for economic
profitability. Among the multiple factors that condition
reproductive performance, body condition represents a
key indicator that reflects the energy reserves
accumulated by the animal to sustain reproductive and
productive functions (Ajay et al., 2023). Currently, body
condition is quantified through backfat thickness (BFT)
measurement, an objective and non-invasive method that
allows estimation of this condition due to its relationship
with physiological variables such as milk production,
piglet weight at birth and weaning, and litter survival
(Diaz et al., 2015; Hu and Yan, 2022).

In addition to its value as a productive indicator,
BFT has been associated with the reproductive
performance of sows. Previous studies have demonstrated
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at earlier ages and present larger litters than those with
lower lipid reserves. This effect is mediated by greater
sensitivity to reproductive hormones and more efficient
follicular development, which favors owvulation and
fertility (Roongsitthichai and Tummaruk, 2014).

Optimal BFT in sows ranges from 12-22 mm.
However, deviations from this interval generate
counterproductive consequences. Elevated BFT (> 25
mm) can create a lipotoxic metabolic environment in the
placenta, leading to increased stillbirth rates and reduced
birth weight (Ha et al., 2024; Zhou et al., 2018).
Conversely, low BFT (< 12 mm) compromises milk
production and elevates pre-weaning mortality, which can
reach levels of 15% (Hu and Yan, 2022).

Within the framework of precision livestock
farming, developing analytical tools capable of
anticipating productive outcomes constitutes a priority,
especially when their application is performed directly
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with data obtained under real swine production
conditions. Facing this challenge, artificial intelligence
(Al), and particularly machine learning (ML), has
emerged as a promising tool for predicting productive and
reproductive events in intensive systems.

Recent applications include the work by
Gauthier et al. (2022) in six farms with 20 years of data,
where litter weight at weaning was predicted with
minimal error (ME = -0.14 kg) and minimal percentage
error (MAPE = 9.01%) using ensemble algorithms. Using
dense neural networks (DNN) with ultrasound data, litter
size was predicted with a mean absolute error (MAE) of
2.58 (Kousenidis et al., 2022). Similarly, through artificial
neural networks (ANN) and morphometric data, Landrace
piglet weight was predicted with determination
coefficients (R?) between 0.85 and 0.91 (Preethi et al.,
2023), while Random Forest (RF) algorithms successfully
classified pig groups with high and low mortality risk with
0.90 precision (Magalhées et al., 2024).

Despite the known limitations of these
approaches regarding the requirement for extensive and
multivariate datasets, this study proposes to evaluate two
widely validated ML algorithms, RF and DNN, to predict
four farrowing-related variables: number of live and total
births, average birth weight, and pre-weaning mortality.
Both DNN and RF have demonstrated the capacity to
learn complex and non-linear relationships, successfully
predicting farrowing-related parameters in sows (Rahman
etal., 2023; Taylor et al., 2023), representing an evolution
from traditional techniques (Witten et al., 2016) and
reflecting the growing application of ML in agricultural
production (Gauthier et al., 2022; James et al., 2021).

The innovation of the present approach lies in the
exclusive use of BFT as the sole input variable in a
simplified scenario representative of field conditions,
particularly in environments where information collection
is limited. Rather than establishing a definitive model, this
work seeks to elucidate the predictive potential of these
methods, providing preliminary evidence for future
research applied in precision swine production. In this
regard, the objective was to evaluate the predictive
capacity of DNN and RF to predict the number of live
births (LBP), total births (TPB), average piglet weight
(APW), and piglet mortality percentage (PMR), using sow
BFT as the predictor variable.

MATERIALS AND METHODS

Exploratory data analysis

A database  containing 571  records
corresponding to three genetic lines from a commercial
swine farm was used, collected over five months (January
to May 2021). The information included sow backfat
thickness (mm), number of live births, number of total
births, average piglet weight at birth (kg), number of
farrowings per female, and mortality percentage.

To minimize the effect of outliers that could bias
results, the database was cleaned using inclusion criteria
based on biologically plausible ranges for the variables:
number of live births (minimum 10), number of total
births (maximum 18), mortality percentage (below 15%),
average piglet weight at birth (between 1.1 to 1.6 kg), and

number of previous farrowings per female (maximum 7).
After excluding records that did not meet these criteria, a
final database of 348 records was obtained, which was
used for training and validation of predictive models.

Machine learning models

Dense Neural Networks (DNN): To predict
LBP, TPB, APW, and PMR from BFT as the sole
predictor variable, a dense neural network was developed
using the Keras library from TensorFlow. The model
architecture included an input layer (standardized BFT),
followed by four densely connected layers with 64 and 32
neurons (tanh activation), and 96 and 32 neurons (ReLU
activation), respectively. Each layer incorporated batch
normalization and 20% dropout to mitigate overfitting.
The output layer consisted of four linear neurons, one for
each target variable.

For training, a random split of 80% of the data
for training and 20% for testing was applied, with a fixed
seed to ensure reproducibility. All variables were
standardized using StandardScaler from scikit-learn. The
model was optimized with the Adam algorithm (Kingma
and Ba, 2014), using mean squared error (MSE) and mean
absolute error (MAE) as objective functions.
EarlyStopping was implemented to halt training if
validation loss did not improve for five consecutive
epochs.

Random Forest (RF): An RF model was
implemented using the scikit-learn library in Python.
Hyperparameter optimization was performed through grid
search (GridSearchCV), evaluating multiple
combinations to maximize model performance. Adjusted
hyperparameters included: number of trees in the forest
(100, 200, and 300), maximum tree depth (5, 10, and 20
levels), minimum number of samples to split an internal
node (2, 5, and 10), and minimum number of samples
required to form a leaf (1, 2, and 4). These combinations
allowed balancing the model's predictive capacity with its
complexity, mitigating overfitting risks.

Once RF and DNN models were trained and
predictions generated for training and test sets, target
variables were rescaled to their original scale using the
inverse_transform function from StandardScaler, to
interpret results in initial units and perform comparative
descriptive statistical analysis between actual and
predicted values.

Model fitting criteria

Mean Squared Error (MSE): Equation 1
quantifies the average squared difference between
observed values (Oi) and predicted values (Pi). This
metric provides a measure of prediction variability
relative to actual values, applying quadratic penalization
to larger deviations (Ko et al., 2023).

Zin:l(Oi — Pi)?

n

MSE = 1)

Mean Absolute Error (MAE): Equation 2
calculates the average absolute difference between
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observed values (Oi) and predicted values (Pi). It
represents a measure of the average magnitude of
prediction errors without considering their direction,
providing a more intuitive interpretation of error in the
original measurement units (Magdalena et al., 2015).

_ 2k [(0i = Pi)|
B n

MAE )

Relative Percentage Error (RPE): Equation 3
quantifies the average relative percentage error,
calculating for each observation the absolute difference
between actual and predicted values divided by the actual
value, and subsequently averaging all percentage errors.
This metric enables normalized model performance
evaluation, facilitating comparison between variables
with different measurement scales (Tapie et al., 2024).

n(0i — Pi)?
n
RPE=[Y— 1 14100 3
X . ®)

Root Mean Squared Error (RMSE): Equation 4
corresponds to the square root of MSE, providing a
measure of average error in the same unit as the target
variable. This metric is more intuitive than MSE by being
expressed on the same scale as the original data,
facilitating practical interpretation of results (Ko et al.,
2023; Magalhdes et al., 2023).

o, (0i —Pi)?
RMSE = % )

Development platform

Statistical analysis and model development were
performed on the Google Colaboratory platform, which
provides a cloud-based computing environment with
access to processing resources. The following Python
libraries were employed for model construction and
evaluation: Scikit-learn (Pedregosa et al., 2012), an open-
source machine learning library that offers algorithms,
data preprocessing functions, and performance evaluation
metrics; and TensorFlow with Keras for dense neural
network development. Data analysis and visualization
were complemented with additional standard libraries
from Python's scientific ecosystem.

RESULTS AND DISCUSSION

Table 1 presents the descriptive statistics of the
variables used for model development. Following data
cleaning, mortality showed high variability (CV =
93.23%), in contrast to the other variables, which
presented coefficients of variation below 14%, facilitating
their predictive modeling.

This high variability behavior in mortality
percentage was expected, considering that neonatal
mortality in piglets is strongly influenced by multicausal
factors not represented in the single predictor variable
used in this study. Previous research has demonstrated
that variables such as parity, previous prolificacy, sow
immune status, and peripartum management conditions
are determinants in piglet survival, and their omission
may significantly limit the predictive capacity of any
model (Andersen et al., 2007; Bell et al., 2015; Kinane et
al., 2021; Yun et al., 2019). This inherent limitation
should be considered when interpreting predictive results
for the mortality variable.

Table 1 - Descriptive statistics of the variables employed in model development (n = 348)

An example of a column heading Mean Median

Standard deviation Minimum Maximum CV %

BFT (mm) 13.74 14
Number of live births 14.00 14
Total births 14.60 15
Average piglet weight (kg) 1.39 1.40
Mortality (%) 4.46 1

1.59 9 17 11.55
1.90 10 18 13.57
2.00 10 18 13.73
0.06 1.2 1.5 4.55
4.16 1 14.29 93.23

BFT = backfat thickness; CV = the coefficient of variation

The DNN architecture results are presented in
Table 2. The final neural network was composed of 14
layers, including an initial normalization layer, multiple
dense layers with decreasing numbers of neurons, batch
normalization layers, dropout layers for regularization,
and an output layer with 4 neurons corresponding to the

target variables. The architectural design prioritized
preventing overfitting through the strategic
implementation of dropout and batch normalization,
aiming to achieve effective generalization for the
simultaneous prediction of multiple reproductive
response variables.
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Table 2. Neural network architecture

layer Input shape Output shape Notes

Batch normalization (None, 1) (None, 1) Initial batch normalization.
Dense (None, 1) (None, 64) Dense layer with 64 neurons.
Batch normalization ~ (None, 64) (None, 64) Batch normalization.
Dropout (None, 64) (None, 64) Dropout regularization to prevent overfitting.
Dense (None, 64) (None, 32) Dense layer with 32 neurons.
Batch normalization ~ (None, 32) (None, 32) Batch normalization.
Dropout (None, 32) (None, 32) Dropout regularization.
Dense (None, 32) (None, 96) Dense layer with 96 neurons.
Batch normalization ~ (None, 96) (None, 96) Batch normalization.
Dropout (None, 96) (None, 96) Dropout regularization.
Dense (None, 96) (Norne, 32) Dense layer with 32 neurons.
Batch normalization ~ (None, 32) (None, 32) Batch normalization.
Dropout (None, 32) (None, 32) Dropout regularization.
Dense (None, 32) (None, 4) Output dense layer with 4 neurons.

The RF model was optimized through grid
search hyperparameter tuning, where the optimal
configuration was identified with the following
parameters: maximum depth of five levels per tree, a
minimum of two samples for both internal node splitting
and leaf formation, and an ensemble of 200 trees. The

limited tree depth aimed to prevent overfitting by reducing
individual estimator complexity, while the minimum
sample requirement promoted model generalization
capacity. The ensemble of 200 trees represented the
optimal balance between variance reduction in predictions
and associated computational cost. A summary of this
architectural configuration is presented in Figure 1.

Input
(BFT)

Ensemble

Prediction

Random Forest
(200 trees, max depth = 5,
min samples split = 2,
min samples leaf = 2,
bootstrap sampling,
random feature selection)

-7 S
Tree; m
- T
~ e = -
e - [P S
. ~ - P

Aggregation

(Average)

Data Flow

Figure 1- Random Forest model architecture

The performance of machine learning models,
both DNN and RF, showed similar results in predicting
LBP, TPB, and APW variables (Table 3). For average
birth weight, both models (DNN and RF) achieved an
RMSE of approximately 0.063 kg, MSE of 0.004, and
RPE close to 4.5%. These values indicate high predictive
accuracy, considering that only backfat thickness was
used as an input variable. Similar studies reported by
Preethi et al. (2023), using artificial neural networks with
morphometric variables in Landrace piglets at three life

stages (4th, 6th, and 8th week), reported determination
coefficients (R2) between 0.85 to 0.91 and MSE between
0.44 t0 1.27. Meanwhile, Rahman et al. (2023), employing
deep neural networks with multiple variables (BFT,
parity, and sow age), reported RMSE values between 0.05
and 0.07 kg when estimating average litter weight.
Despite not including multiple predictors, it was
evidenced that BFT alone allows achieving precision
levels comparable to multivariate studies, highlighting its
utility as a biometric variable for predicting birth weight
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under conditions of limited data availability. This finding
underscores the potential of BFT as a robust predictive
indicator in swine production systems with limited
resources for information collection.

For LBP and total TPB, the models achieved
mean absolute errors below 1.6 piglets, RPE between
13.4% and 13.7%, and RMSE between 1.8 to 2.0 piglets
(Table 3). Although these metrics indicated lower
precision compared to that obtained for average weight,
the results remain adequate within the biological context
and allow identification of general reproductive patterns
useful for swine management. Compared to previous
multivariate studies, such as Kousenidis et al. (2022), who
used deep neural networks with ultrasonographic
variables, including ovarian volume and follicle count in
pregnant sows, to predict litter size, they achieved only an
MAE of 2.58 piglets. These results demonstrate that,
despite their model integrating multiple high-resolution
physiological variables, the error margin exceeded that
observed in the present study, highlighting the relative
predictive value of BFT even as a single predictor. This
suggests that, although BFT does not substitute complete
multivariate characterization, it can constitute a useful and
accessible tool in swine production contexts with limited
resources for intensive physiological monitoring. The
ability to obtain reasonably accurate predictions using a
single easily measurable variable represents a significant
advantage for production systems with technological or
economic limitations.

PMR resulted in poor performance across all fitting
criteria, with RPE values between 92% and 93%,
indicating very low predictive capacity. According to
Tapie et al. (2024), an RPE above 20% reflects low model
precision, confirming the inadequacy of this univariate
approach for predicting mortality. The MAE, which
considers all individual differences with equal weight
without distinguishing whether the model overestimates
or underestimates actual values (Rosero-Noguera et al.,
2022), indicated that for PMR, the model deviates on
average 3.6 percentage points from actual values. This
limited predictive capacity is attributed to the high

Table 3. Model fit criteria and predictive performance

variability of the variable (CV = 92%) and the restricted
ability of BFT to explain a multifactorial phenomenon
such as neonatal mortality. Similar results have been
reported with Bayesian networks, where it was evidenced
that BFT contributed less than 0.5% to the explained
variance in mortality prediction, while factors such as
parity, health status, and reproductive history of the sow
were determinant (Teixeira et al., 2024). Nevertheless, a
multivariate approach could significantly improve PMR
predictions. Magalhées et al. (2024), using an RF model
with multiple biological, environmental, and productive
variables, achieved 90% precision in classifying mortality
risk groups. These results suggest that PMR prediction
requires a multivariate approach that integrates
physiological, environmental, and management factors,
beyond a single biometric measure such as BFT.

When jointly analyzing the fitting criteria of
DNN compared to RF, equivalent performance was
evidenced between both approaches, which is attributed to
the simplicity of the prediction problem characterized by
a single input variable and low complexity inherent to the
data structure. Previous studies have indicated the
tendency toward convergence of predictive model
performance under low-dimensional conditions, where
the advantage of more complex algorithms is limited by
the simplicity of the feature space (Diaz-Uriarte and
Alvarez de Andrés, 2006; Kong and Yu, 2018; Liu et al.,
2013; May et al., 2011). These results indicate that
algorithmic sophistication does not necessarily translate
into substantial improvements in predictive performance
in systems with low data dimensionality, confirming that
modeling complexity should be appropriately adjusted to
the inherent complexity of the problem. This observation
has important practical implications, suggesting that in
contexts of limited resources or when interpretability is
required, simpler models like RF may be preferable
without sacrificing predictive accuracy, while DNN could
be reserved for problems that truly require modeling
complex nonlinear relationships.

Metrics LBP TPB APW (Kg) PMR (%)
DNN RF DNN RF DNN RF DNN RF
MAE 1513 1.509 1.608 1.609 0038  0.035 3.707 3.648
MSE 3.621 3.525 4.024 3.966 0004 0004 17194  16.889
RMSE 1.903 1.878 2.006 1.992 0.063  0.063 4.147 4.110
RPE 13586 13406 13741 13642 4533 4539 93034 92207

DNN = Deep Neural Networks; RF = Random Forest; MAE = Mean Absolute Error; MSE = Mean Squared Error; RMSE =
Root Mean Squared Error; RPE = Relative Prediction Error.

Comparison of means between observed and
predicted values revealed that both models showed
similarity in their predictions, demonstrating that both
DNN and RF adequately captured the central tendencies
of the studied variables (Table 4). However, standard
deviations of predicted values were consistently lower
than those of observed values, particularly in the mortality
variable. This observation suggests that the models,

despite their capacity to predict average values with
precision, tend to underestimate the real variability
inherent in the data. This behavior is consistent with
results from other studies on predictive models and their
inherent difficulty in modeling stochastic events and
complex interactions between biological variables (Baxter
et al., 2012; Jakubovitz et al., 2019; Zhang et al., 2021).
Notably, the RF model showed slightly higher variability
in predictions compared to DNN, which could be an

Page No: 5



Journal on Communications(1000-436X) || Volume 20 Issue 11 2025 || www.jocs.review

intrinsic characteristic of ensemble models that integrate
multiple estimators (Bai, 2017; Louppe, 2014). This
greater dispersion in RF predictions suggests a slightly

superior capacity to capture the natural variability of the
data and, consequently, a potentially more representative
fit of the underlying biological reality.

Table 4. Means and standard deviations of observed and predicted values

Model LBP TPB

APW (kg) PMR (%)

Oi Pi Oi

Oi Pi Oi Pi

DNN  14+1.90 14.11+0.1 14.60+2.0 14.61+0.24 1.39+0.06 1.39+0.006 4.46+4.16 4.56+0.31

RF 14+1.90 13.99+0.27 14.60+2.0 14.56+0.21 1.39+0.06 1.39+0.01 4.46+4.16 4.35+0.55

Oi = Observed values; Pi = Predicted values; DNN = Deep Neural Networks; RF = Random Forest.

Model implications

The developed predictive models, although
demonstrating promising capacity to estimate LBP, TPB,
and APW variables from a single predictor (BFT), faced
limitations inherent to simplifying the multifactorial
complexity of swine production systems. While their
precision in these variables was valuable, their inability to
adequately model high variability in phenomena
influenced by multiple interactive factors highlighted a
significant  limitation, which could lead to
underestimation of uncertainty associated with productive
decision-making. The similarity in performance between
RF and DNN can be interpreted as a consequence of the
inherent simplicity of the univariate prediction problem,
rather than as a limitation of the employed methodologies.
This highlights the importance of carefully considering
the complexity of the biological problem when selecting
the most appropriate  modeling  methodology.
Nevertheless, RF and DNN models can be useful for
identifying general reproductive trends in resource-
limited contexts. Their capacity to generalize and learn
patterns from historical events, even with a single
predictor variable, offers an accessible alternative for
basic swine production management. These models
represent a promising starting point for reproductive
process optimization and operational cost reduction,
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