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ABSTRACT
Background: Creole goat husbandry for milk and meat improves food security in rural areas in Perú. Body weight 
(BW) is a key trait for selecting breeding stock, and it is estimated to be using algorithms. Likewise, BW is common 
in livestock farming.
Aim: This study aimed to compare BW prediction models using a data mining algorithm in Creole goats, considering 
their biometric measurements.
Methods: Data from 1,075 females aged between 1 and 4 years were used. Measurements of chest width, thoracic 
perimeter, wither height, sacrum height, rump width and length, body length, cannon bone perimeter, age, and region 
of the herd were recorded. The regression trees (classification and regression tree), support vector regression (SVR), 
and random forest regression (RFR) algorithms were used.
Results: The SVR was better at predicting BWs in Creole goat herds. Similarly, the results were stable during training 
(R2 = 0.765) and testing (R2 = 0.707). However, it should be noted that RFR performed better with training data (R2 = 
0.942).
Conclusion: The proposed predictive models have demonstrated significant potential for accurately predicting BW 
based on biometric data. Finally, it contributes to better selection, feeding, and sanitary management of Creole goats.
Keywords: Algorithms, Creole, Machine learning, Predictive models, Morphometrics goats.

Introduction
Creole goats show a remarkable ability to adapt to 
desert, tropical, and mountainous steppes, where 
there is often a food shortage for both inhabitants and 
livestock (Silanikove, 2000; Urviola et al., 2016). 
However, people safeguard their food security through 
goats that provide milk and meat. The fat, protein, and 
mineral contents of these products are strongly related 
to the weight and age of goats (Mahgoub et al., 2004; 
Almeida et al., 2016).
Programs to improve animal genetics often consider 
body weight (BW) as a selection criterion. Therefore, 
it is crucial to collect this information from Creole 
goat herds. However, they are often found in wild 
agroecological zones managed by small farmers 
without experience in managing records and technology 
(Pathade et al., 2020; Datt et al., 2023). Therefore, 
methods such as predictive must be implemented to 
collect data on the BW of Creole goat herds.
A frequently used approach to predicting BW involves 
multiple linear regression using least squares, which 

requires the accomplishment of certain conditions 
to minimize the problems. However, to optimize the 
models, options based on learning algorithms (Tırınk, 
2020). This method offers greater flexibility in terms of 
presuppositions before the modeling of the biometric 
variables measured in goats.
Data mining algorithms have been implemented as 
tools for modeling and predicting their ability to 
establish complex relationships with high predictive 
accuracy; they have been successful in their application 
in livestock farming. For example, we used the Chi-
square interaction automatic detector (CHAID), 
exhaustive CHAID (ECHAID), classification and 
regression trees (CARTs), artificial neural networks 
(ANNs), support vector regression (SVR), change: 
random forest regression (RFR) and multivariate 
adaptive spline regression (MARS) (Ali E Eyduran et 
al., 2015; Tirink et al., 2023).
CART is an automatic learning algorithm used to 
construct binary decision trees by dividing a dataset into 
smaller subgroups based on the predictor variables. It 
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was applied in the prediction of goat BW based on body 
length, thoracic girth, and height at withers advantage 
is that it does not require normally distributed data and 
can handle both and continuous variables, and it is easy 
to interpret (Mathapo et al., 2022).
However, if the depth of the tree is not controlled, it is 
prone to overfitting, so ANN is the most recommended 
algorithm because its networks can learn complex 
patterns of data were also used in body weight prediction 
from nonlinear zoometric measurements relationships, 
as long as there was a large amount of training data, 
but it must be taken into account that its interpretation 
is complex (Rodero et al., 2015; Mathapo et al., 2022).
The use of 3D imaging to estimate the BW of cattle 
is an emerging technology that can optimize the 
weighing process, accuracy, and animal welfare (Nir 
et al., 2018). However, to automatically recognize and 
classify biometric measurements using silhouette data, 
automated algorithms (Nir et al., 2018; Qiao et al., 2021; 
Hou et al., 2023). Creole goats are usually found in 
areas with limited access to 3D technology. Therefore, 
estimating the BW using biometric measurements will 
allow us to identify and train the algorithm.
In the past, biometric measurements were used to 
develop models for predicting BW goats, with the 
thoracic circumference being one of the most used 
because of its high correlation. Calibrated tapes are 
used today in goats and other species (Mohammed 
and Amin, 1997; De Villiers et al., 2009; Sebolai et 
al., 2012; Chacón-Hernández and Boschini-Figueroa, 
2016). Currently, 3D computer vision systems have 
been validated in shape that has improved accuracy 
(Hou et al., 2023).
Adequate control of the BW of Creole goats is crucial 
for effective management of their selection, nutrition, 
and health, especially if you aspire to a comprehensive 
genetic improvement program. Therefore, this study 
aimed to collect biometric measurements of Peruvian 
Creole goats according to their region, sex, and 
to predict their BW using CART, SVR, and RFR 

algorithms. This was for determining the most effective 
algorithm for future applications in 3D images

Materials and Methods
Study area
Research was conducted in collaboration with rural 
communities benefiting from the project “advancement 
of research services and technology transfer for the 
sustainable production of in Peru”, conducted by 
the National Institute of Agrarian Innovation. This 
project extended to eight regions where goat breeding 
predominated (Table 1). Technical management of 
these regions was limited, and most goat producers 
relied on traditional breeding methods.
Dataset and variables
Data were collected from 1,075 female goats reared 
extensively in diverse ecosystems such as: dry forests, 
coastal valleys, mountain steppes, and Puna of the 
Peruvian highlands (Table 1). The grazing lasted 
4–5 hours, with a few herds coming from feeding 
supplemented with concentrates feed or agricultural 
residues. To collect biometric data: Chest width (CW), 
thoracic perimeter (TP), wither height (WH), sacrum 
height (SH), rump width (RW), rump length (RL), body 
length (BL), and circumference of the canon (CC) were 
measured using a zoometric stick and measuring tape 
measure (Banerjee 2015; Getaneh et al., 2022; Melesse 
et al., 2022), and BW was measured using a 100-kg 
capacity digital Roman scale.
Statistical analysis
The biometric measurements of CW, TP, WH, SH, RW, 
RL, BL, and CC were  descriptive analysis, according 
to the region, mean, standard deviation, and Pearson’s 
correlations were estimated for the entire population. 
They were then subjected to modeling where the BW 
was estimated using CARTs and the support vector 
regression (SVR), and RFR using R software version 
4.3.1 (Cutler et al., 2012).
Random forest regression
Another algorithm we applied to develop predictive 
models for the body weight of goats was random tree 

Table 1. Goat herds according to region, ecoregion, breeding system, and type of livestock.

Region Ecoregion Aging grazing system No. of goats
Amazonas Equatorial dry forest Extensive grazing and browsing 111
Ica Puna and the steppe mountains Extensive grazing and stubble 143
Ayacucho Steppe mountains Extensive grazing and browsing 123

Lambayeque The peruvian pacific coastal desert and 
equatorial dry forest

Semi-intensive, grazing, and browsing 
activities 285

Piura Equatorial dry forest Extensive, grazing and browsing 146

Tumbes Equatorial dry forest Extensive, grazing, browsing, and cropping, 
residues 81

La Libertad Puna, the inter-andean dry forest Extensive grazing and browsing 139
Lima The peruvian pacific coastal desert Extensive, grazing, and cropping residues 37
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regression; this method combines multiple simple 
algorithms into a robust model across multiple 
recovered decision trees. To reach a better decision, 
a complete analysis of uncorrelated random trees was 
performed (Iqbal et al. 2022).
Classification and regression trees
A decision tree is a recursive partitioning method that 
allows us to predict using categorical (classification 
problems) and continuous (regression problems) 
data to construct trees. Tree regression allowed us to 
predict the continuous values of the dependent variable 
(BW), with region, and age as categorical variables 
and continuous variables, such as the biometric 
measurements in Table 2. Iqbal et al. (2022)
Support vector regression
This algorithm allowed us to detect outliers in the 
high-dimensional spaces. Neural networks are used as 
multilayer perceptron classifiers (MLP) and radial base 
functions. A non-linear model was constructed between 
body weight and the predictor variables modeling. No 
nonlinearity problems were evident because of the large 
sample size and the minimal dimensionality of the data, 
Iqbal et al. (2022). The models were evaluated using 
the goodness of fit criteria of root mean square error 
(RMSE), coefficient of variation (CV), mean absolute 
error (MAE), mean absolute percentage error (MAPE), 
coefficient of determination (R2), and percentage of 
the mean square root of (RMSPE) and SD rate (SDR) 
(Grzesiak and Zaborski, 2012; Tatliyer and A, 2020).
Root mean square error
It was obtained from the mean square root of the error, 
which is known as the SD of the following: the predicted 
residuals. Smaller RMSE values are preferred because 
they indicate a better model.

Coefficient of variation
It measured the relative variability of the data relative to 
its mean over multiple data subsets. Observing whether 
the models were over-adjusted or uptight was key.
Mean absolute error
The errors of the predicted and absolute observed 
values were measured, not canceling out the positive 
and negative values of the errors small MAE indicates 
that the model was better adapted

Mean absolute percentage error
This indicated the size of the error in terms of 
percentages and was easy to interpret and understand. 
The lower the ASM, the better the model prediction

Coefficient of determination (R2)
The proportion of BW variation explained by region, 
age, and biometric measurements measured by R2 was 
estimated. Its range is from 0 to 1, and the values are 
close to 1 indicates a good fit.

R2 = r × r
Pearson’s correlation coefficient (r) was estimated 
between the predicted and observed body weights in 
the database.
Percentage of the mean square root of error
The predictive capacity of the model was estimated by 
calculating the mean square root percentage of error. A 
lower RMSPE indicated a better model fit.

Table 2. Descriptive statistics of biometric measurements according to herd region.

Region
Variable

BW (kg) CW(cm) TP (cm) WH(cm) SH (cm) RW(cm) RL (cm) BL (cm) CC (cm)
Amazonas 111 39.1 ± 0.8 19.5 ± 0.2 80.9 ± 0.6 68.8 ± 0.5 72 ± 0.4 16.9 ± 0.2 20.3 ± 0.2 77.2 ± 0.6 8.8 ± 0.1
Ayacucho 123 43.6 ± 1 18.1 ± 0.2 82.3 ± 0.6 82.3 ± 0.6 70.9 ± 0.5 15.8 ± 0.2 22.4 ± 0.2 69.6 ± 0.6 8.5 ± 0.1
Ica 143 52.9 ± 0.7 19.8 ± 0.2 88.3 ± 0.5 88.3 ± 0.5 74.7 ± 0.5 19.1 ± 0.5 19.1 ± 0.2 72.9 ± 0.5 9.5 ± 0.1
Lima 37 52.1 ± 1.7 20.6 ± 0.4 86.8 ± 1.7 86.8 ± 1.7 79.2 ± 0.9 19.6 ± 0.5 21.6 ± 0.5 71.3 ± 1.1 9.7 ± 0.1
Piura 146 41 ± 0.8 17.4 ± 0.2 78.4 ± 0.6 78.4 ± 0.6 68.3 ± 0.5 16.2 ± 0.2 21.4 ± 0.2 58.1 ± 0.4 8.2 ± 0.1
Lambayeque 285 41 ± 0.4 17 ± 0.3 78.6 ± 0.6 78.6 ± 0.6 68.7 ± 0.4 14.5 ± 0.2 16.7 ± 0.2 70.7 ± 0.4 11.3 ± 0.1
Tumbes 81 37.7 ± 0.8 19.3 ± 0.1 81.2 ± 0.7 81.2 ± 0.7 68.1 ± 0.7 15.6 ± 0.2 17.2 ± 0.2 67.1 ± 0.8 9.5 ± 0.1
La Libertad 139 38.9 ± 0.7 16.7 ± 0.3 79.6 ± 0.5 79.6 ± 0.5 66.5 ± 0.4 15 ± 0.2 16.2 ± 0.3 64.1 ± 0.5 8.5 ± 0.1

BL = body length; BW = body weight; CC = circumferece of the cannon; CW = chest width; RL = rump length; RW = rump width; SH = sacrum 
height; TP = thoracic perimeter; WH = wither height.
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SD rate
The percentage change in the SD of the predicted 
dataset compared with the observed one was estimated. 
The lower the SDR, the better the fit of the model. Sm 
was where is the mean SD and Sd is the SD of the 
predicted values.

Cross-validation
An effective method for evaluating the efficiency 
of a machine learning-based model algorithms was 
cross-validated, where a limited random form data set 
was resampled into k of equal size. The first set was 
used for validation, and the method was adjusted to 
the remaining K-1 subsets, reducing overfitting, and 
determining the hyperparameters of the evaluated 
models. Repeated cross-validation was developed 
to provide us with a more solitary assessment score. 
In this study, 20 replications were performed. The 
database was split into 80% training data and 20% test 
data.
Ethical approval
This research relied on interviews with goat breeders, 
making the need for ethical approval unnecessary. 
Owners provided oral consent to record the qualitative 
and quantitative characteristics of animals. The authors 
affirm that the study adhered to the ethical guidelines 
that govern animal experiments.

Results
Biometric information taken from BW, CW, TP, WH, 
SH, RW, RL, BL, and CC by mean and SD, indicating 
that, according to the region, to small goats were kept 
(Table 2). The Ica goats were medium-sized with a 
body weight of 52.9 ± 0.7 kg, frequently grazed in puna 
and the steppe mountains; while the Tumbes small 
goats with a body weight of 37.7 ± 0.8 kg, grazed in 
equatorial dry forest.
Pearson’s correlation coefficient was used to determine 
the degree of association between the biometric 
measurements. All coefficients were significant (p < 
0.05), except for RW with CC. Figure 1 shows high 
positive correlation coefficients between SH and WH 
(0.76), and TP and BW (0.67). Meanwhile, moderate 
positive correlation (<0.40) coefficients were CW and 
BW, TP and CW, WH and BW, WH and CW, WH and 
TP, SH and BW, SH and CW, and SH and TP; RW and 
BW, RW and TP, RW and WH; BL and BW, BL and 
CW, BL and TP, BL and WH, and BL and SH; the other 
correlation coefficients were low positive, with the 
exception of RL, which was low negative.
Using the RFR algorithm, the TP and region showed 
greater relative importance for the choice of model; 
the second group had WH and SH with greater 
relative importance. Conversely, CW and age were not 
important for RFR modeling (Fig. 2). Figure 3 shows 
the tree diagram using the CART algorithm, in which 

the 42 kg BW is the root node. In the case of TP, an 
initial depth <86 cm determined that the BW for Creole 
goats was 38 kg (70%). On the right side of the tree, the 
initial depth in of TP > 86 cm, the tree was divided into 
2 parts. If TP was < 79 cm, the BW of 35 kg (36%) was 

determined, and the tree was divided according to the 
WH < 67 cm, the BW of 42 kg (33%) was determined. 
The mean BW was 52 kg (30%) if the TP was 86 cm 
in the first division, if region = Amazonas, La Libertad, 
Lambayeque, and Tumbes, BW = 46 kg (13%); other 
regions, the mean BW was 56 kg (18%).
The analysis revealed significant differences in the 
evaluated parameters among the studied regions. 
Reduced values were observed in the regions of 
Amazonas, La Libertad, Lambayeque, and Tumbes 
RW (<19) and TP (<51) were observed. On the other 
hand, in Amazonas, La Libertad, Lima, and Tumbes, 
RW values were even lower (<17), accompanied by a 
pronounced decrease in TP (<8 and <7). Additionally, 
TP thresholds varied notably among the categories U22 
(TP < 86), U23 (TP < 79), U24 (TP < 81), and U25 (TP 
< 91), suggesting that under the evaluated conditions. 
These results highlight the importance of regional 
differences in future studies and interventions.
First, the SVR procedure was performed using the 
training data. After the training procedure, the SVR 
predicted the BW of the Creole goats. The kernel 
function was estimated for the BW. The model was 
based on the epsilon cost (C), providing a highly 
reliable model.
Sensitivity analysis was used to estimate the model’s 
virtual significance for the BW explanatory variables 

Fig. 1.  Correlation matrix of the biometric measurements.
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Fig. 2.  Importance of predictor variables for BW using the RFR algorithm.

Fig. 3.  CART diagram constructed with biometric measurements, sex, region, and age of Creole goats.

http://www.openveterinaryjournal.com
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(Fig. 4). The most significant variables were TP, WH, 
and region importance obtained after the sensitivity 
analysis. The explanatory variables that were less 
important were BL and age.
Table 3 shows the performance of the RFR algorithm, 
where the sensitivity analysis performed well in 
predicting the significance of the explained variable 
BW in RFR (Fig. 2). The sensitivity analysis of TP, 
region, WH, and SH had a high significance >10% in 
RFR, whereas the highest sensitivity was obtained in 
SVR with TP, WH, CW, and region (Fig. 4). The lowest 
significance in both algorithms was found for the age 
variable, indicating that it does not influence the BW of 
Creole goats.

Table 3 compares all goodness-of-fit criteria of the 
algorithms used to predict BW. In all cases, the training 
and testing datasets were evaluated. The evaluation 
criteria were for the test dataset than for the training 
data. The best algorithm to predict using the test was 
SVR, although the most suitable was the RFR training 
set.
SVR was the most appropriate algorithm since its 
results were similar in both the training and verification 
sets, its R2 was not greater than that of the RFR for 
the training datasets. However, we prioritized the 
similarity of the goodness-of-fit criteria in both training 
and verification datasets.

Fig. 4.  Relative importance of body weight using the SVR algorithm.

Table 3. Goodness-of-fit criteria for the CART, SVR, and RF algorithms used for the live simulation weight prediction.

Criteria
CART SVR RFR

Train set Test set Train set Test set Train set Test set
RMSE 5.554 6.162 4.833 5.316 2.399 5.431
CV 12.972 14.432 11.321 12.415 5.605 12.723
MAE 4.328 4.846 3.527 4.026 1.756 4.105
MAPE 10.619 11.726 8.533 9.669 4.261 9.778
R2 0.690 0.606 0.765 0.707 0.942 0.694
RMSPE 14.058 14.849 11.980 12.581 5.992 12.797
SDR 0.557 0.627 0.484 0.541 0.240 0.553
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Discussion
TP (76.87 ± 1.22 cm), BL (65.54 ± 3.49 cm), WH 
(60.97 ± 1.59 cm), SH (63.15 ± 1.54 cm), RW (13.78 ± 
0.69 cm), and CW (16.36 ± 1.11 cm) of Cuban Creole 
goats (Torres-Hernández et al., 2022) were lower than 
those found in Peruvian Creole goats. On the other 
hand, goats of specialized breeds, such as those with 
hair in arid ecosystems, had slightly higher WH (73.13 
± 0.33–81.78 ± 0.77 cm), TP (72.47 ± 0.36–81.86 ± 
0.51 cm), CW (18.10 ± 0.14–23.22 ± 0.32 cm), and 
BL (86.22 ± 0.36–98.89 ± 0.86) (Chacón-Hernández 
and Boschini-Figueroa, 2016). The results indicated 
that the Creole goats of Peru had different degrees of 
crossbreeding depending on the habitat’s region and 
altitude.
Hair goats in arid ecosystems showed an increase in 
BW of 47.35 ± 0.42, 52.2 ± 0.46, and 64.09 ± 0.34 kg 
per year, 2 years, and 4 years, respectively. Meanwhile, 
Creole goats from tropical ecosystems in Botswana 
had an increase of 18.8 ± 0.51, 33.8 ± 0.51, 48.8 ± 
0.99, and 45.5 ± 1.91 kg per year, 2 years, 3 years, and 
more than 3 years, respectively, whereas females had 
a lower growth with significant differences (p < 0.05) 
after 2 years. The results of our study showed a higher 
BW in the puna and steppe mountains with 52.9 ± 0.7 
kg, while the lowest BW in the equatorial dry forest 
with 37.7 ± 0.8 kg, indicating a wide variability for 
this characteristic of economic importance, as well as 
medium and small weight goats. 
Morphometrics offers a viable and cost-effective 
alternative for predicting the live weight of small goats 
and local breeds (Cam et al., 2010; Sebolai et al., 
2012). BW is a characteristic of economic importance 
controlled by many genes, many of which are linked 
to biometric measurements, with BL and TP standing 
out for their high degree of association (Mathapo and 
Tyasi, 2021; Mathapo et al., 2022).
The different statistical methods used for the prediction 
of BW in goats use biometric measurements, where 
the strength of the prediction is based on the degree 
of association of BW with TP, WH, SH, RW, CW, and 
BL that differ according to the ecosystem and breed 
(Pesmen and Yardimci, 2008; M. Iqbal et al., 2013; 
Çakmakçı, 2022; Tirink and C, 2022; Tırınk et al., 2023; 
Atta et al., 2024). The use of CART, SVR, and RFR 
algorithms helps to accurately estimate BW, which can 
be used in selection and improvement schemes (Tirink 
and C, 2022; Tırınk et al., 2023).
An algorithm based on multivariate adaptive spline 
regression (MARS) for predicting BW in goats showed 
that SH, WH, TP, and BL are the morphometric 
measures with the highest relationship; therefore, 
their predictive capacity was high, where their MAE 
(6.474) and R2 adj (0.915) show great strength for the 
model, even when the training dataset size was small 
(Rashijane et al., 2023). MARS is superior to the 
Bayesian regularized neural network, SVR, and RFR; 
the same study found that SVR was better than RFR. 

However, other studies have claimed that the RFR 
algorithm is better than SVR. Our findings indicate that 
RVS a better BW in goats, depending on the TP model 
selection (Cam et al., 2010; Tirink and C, 2022).
When comparing CART, MLP, CHAID, MARS, and 
comprehensive CHAID and RFR algorithms to predict 
BW in Mengali rams based on goodness-of-fit criteria 
as R2, RMSE, and SD ratio, they indicated a better 
estimate with the CART. In our study, the SVR and 
RFR algorithms were considered more appropriate, but 
the evaluated biometric measurement dataset must be 
considered (Celik et al., 2017). The SVR algorithm was 
used to predict the carcass weight of Asturian cattle, 
where measurements were performed in 144 animals, 
and the results indicated that the optimal prediction 
carcass weight was 150 days before beneficiation, with 
an MAE of 4.27 (Alonso et al., 2013). In our study, the 
goodness criteria and MAE were similar, with fewer 
errors in both the training dataset and in the verification 
of the biometric measurements. 
When examining learning techniques such as CART, k 
nearest neighbors, MLP, SVR, and RFR with different 
datasets, the results indicated that RFR is the best 
algorithm; likewise, RFR was compared with SVR to 
predict useful solar thermal energy (USTE) systems, 
where RFR models more reliable predictions. The 
modeling in our study did not agree with the RFR 
algorithm had a greater predictive capacity, and it is 
worth mentioning that the database source is of regions 
(Ahmad et al., 2018; Marco et al., 2022).

Conclusion
This study found that the use of the SVR algorithm was 
more successful in recognizing biometric measurements 
that predict body weight with acceptable goodness-of-
fit; likewise, thoracic circumference is highlighted in 
the model selection. 
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