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Abstract

The objective of this research was to predict the live weight of Corriedale lambs using morphological measurements and machine learning
algorithms. A total of 291 five-month-old lambs from the Corpacancha Production Unit of SAIS PACHACUTEC SAC were used. These
animals represented a homogeneous group in terms of age, sex, and genetics, as they belonged to the Corriedale breed and were
offspring of "Category A" ewes. Morphological measurements recorded included Body Length (BL), Withers Height (WH), Thoracic Girth
(TG), Rump Width (RW), Abdominal Girth (AG), Cannon Bone Length (CBL), Chest Depth (CD), and Live Weight (LW). The models
evaluated were Multiple Linear Regression, Ridge Regression, Decision Trees, Random Forest, and XGBoost. The comparative analysis of
the machine learning models identified ModG and Ridge as the most accurate and stable options, standing out for their low Mean Squared
Error (MSE = 0.083) and Root Mean Squared Error (RMSE = 0.287 — 0.288). Additionally, they exhibited the highest coefficients of
determination (R? = 0.89, Rag? = 0.88), indicating excellent predictive capability and data fit. Their low coefficient of variation (CV%) confirms
their stability, establishing them as the best choices for applications where precision is paramount, such as predicting critical values in
production processes and high-demand scientific studies. While XGBoost proved to be a robust alternative with an MSE of 0.119, an RMSE
of 0.345, and a relative error of 2.22%. These findings confirm that prioritizing models that balance accuracy, interpretability, and stability
enable faster, data-driven decision-making in Corriedale sheep production. Such an approach optimizes feed allocation, classifies lambs
by market weight, and promptly detects growth deviations, thereby improving overall flock profitability.
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1. Introduction

Across the Andean highlands of South America, sheep
husbandry remains a cornerstone of rural livelihoods,
and ovine meat is increasingly preferred over other
animal proteins by local consumers (Ninahuanca
Carhuas et al, 2025). The regional sheep sector
nevertheless faces persistent challenges: economic
losses linked to fluctuating wool prices and declining
competitiveness in the global textile market have
eroded profitability (Bailey et al., 2021). These pressures
have driven producers to rethink their strategies and
diversify revenue sources, as noted by Ozen et al.
(2024). Within this regional context, Peruvian

enterprises, cooperatives and smallholders are now
prioritizing the finishing and sale of Corriedale lambs,
whose carcasses secure favorable prices and exhibit
relatively low market variability (Carhuas et al., 2024).
This strategic shift creates opportunities to enhance
profitability while demanding management practices
that maximize growth performance and preserve
carcass quality.

In this new approach, the accurate estimation of live
weight in sheep has become a central aspect of
decision-making related to feeding, health manage-
ment, and determining the optimal time for slaughter
(Contreras et al., 2024). However, traditional methods,

-487-


https://doi.org/10.17268/sci.agropecu.2025.037
http://revistas.unitru.edu.pe/index.php/scientiaagrop

Scientia Agropecuaria 16(4): 487-498 (2025)

such as the use of scales, present multiple limitations
in large-scale production systems (Martins et al., 2020;
Dang et al, 2022). These include the costs associated
with equipment, the logistical challenges of weighing
large numbers of animals, and the stress caused by
handling, which can negatively affect both animal
welfare and productivity (Jurkovich et al,, 2024). These
challenges underscore the need to explore alternative
methods that enable rapid, accurate, and non-invasive
estimation of live weight. A promising solution lies in
the use of morphological measurements, such as body
length, withers height, and thoracic circumference,
which are closely related to the live weight of sheep
(Gomes et al., 2016; Wang et al., 2021; Contreras et al.,
2024). These variables can be easily collected in the
field and represent an accessible option for
overcoming the limitations of traditional methods.
However, the relationship between morphological
measurements and live weight is neither linear nor
uniform, complicating the application of conventional
predictive models based on simple regressions or
descriptive analyses (Garcia-Medina & Aguayo-
Moreno, 2024).

Machine learning algorithms, a term coined by Samuel
(2000), who categorized them into three types of
learning (reinforcement learning, supervised learning,
and unsupervised learning) have emerged as
innovative mathematical tools with the potential to
revolutionize live weight prediction in sheep (Vlaicu et
al, 2024). Among these, supervised learning
algorithms stand out for their ability to learn from
labeled datasets to approximate the mapping function
between inputs (features) and outputs (target values)
(Dang et al, 2022). Their capacity to analyze large
datasets, capture non-linear relationships and
generate accurate predictions in dynamic scenarios
has been widely documented, establishing them as
high-impact methods in leading indexed journals
(Garcfa-Medina & Aguayo-Moreno, 2024). In animal
production, supervised learning enables flock-specific
predictive models that enhance efficency and
sustainability (Pefia-Avelino et al, 2021), and its
application already extends beyond weight estimation
to areas such as genetic selection and performance
evaluation (Qin et al,, 2024). Empirical studies illustrate
this promise: Ozen et al. (2024) applied shrinkage
regressions and tree-based ensembles to 100 six-
month-old Akkaraman lambs, identifying Random
Forest as the best performer, while Kozakli et al. (2024)
compared nine machine-learning algorithms with
multiple linear regression in 25 316 post-weaning
Akkaraman lambs and likewise concluded that
ensemble models outperformed linear approaches.
Although these investigations confirm the utility of
machine learning, they are confined to low-altitude
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Turkish flocks, overlook Corriedale genetics and focus
mainly on raw accuracy-leaving interpretability, nume-
rical stability and practical management implications
largely unaddressed.

The objective of this study was to evaluate the most
accurate machine learning model for predicting live
weight in sheep.

2. Methodology

Animals and distribution

The study used 291 five-month-old male Corriedale
lambs raised at the Corpacancha Production Unit (11°
21" 46" S, 76° 13" 11" W) in the Marcapomacocha
district, Yauli Province, Junin Region, central Andes of
Peru. This single location ensured a homogeneous
cohort in age, sex and genetics, as all lambs were
offspring of “Category A" ewes. The flock grazed
exclusively on natural pastures at 4 149 m above sea
level, where mean air temperatures range from —0.6
°C to 11 °C and annual precipitation averages of 700
mm. Animals were maintained under controlled
sanitary conditions and routinely dewormed against
taeniasis and fascioliasis. The production unit was
selected for its well-documented management
practices and reliable  zootechnical  records,
guaranteeing high-quality morphometric and live-
weight data for predictive analysis.

Data collection

At 6:00 a.m., measurements (cm) were recorded prior
to the animal's feed intake. For weight (kg), a livestock
scale with a capacity of 150 kg (OMEGA TP model,
sensitivity + 0.01 g) was used. The animals were
positioned on a flat surface, standing in a relaxed
manner, with their feet firmly placed on the ground
(natural body position), following the recom-
mendations of Lee et al. (2022). Body Length (BL) was
measured as the distance in centimeters between the
base of the tail and the base of the neck (Karna et al.,
2024). Withers Height (WH) was measured as the
distance (cm) from the ground to the highest point of
the back (withers) (Cam et al., 20710). Thoracic Girth
(TG) was measured as the distance (cm) around the
chest, just behind the forelimbs (Contreras et al., 2024).
Rump Width (RW) was measured as the width (cm) of
the animal's rear section (Gongalves et al, 2025).
Abdominal Girth (AG) was measured as the distance
(cm) around the animal's abdomen (Lee et al., 2022).
Cannon Bone Length (CBL) was measured as the
length (cm) from the knee joint to the hoof (Mahmud
et al, 2014). Chest Depth (CD) was measured as the
distance (cm) from the top of the back to the bottom
of the chest (Karna et al., 2005). The details are shown
in Figure 1.
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Figure 1. Lamb body measurements.

Predictive machine learning models

Five main models were employed to predict live
weight in sheep: Multiple Linear Regression (MLR),
Ridge Regression, Decision Trees (DT), Random
Forest (RF), and XGBoost. Multiple Linear Regres-
sion (MLR) served as the baseline model, enabling
the establishment of linear relationships between
morphological variables and live weight (Choque,
2024). To address potential multicollinearity issues
and improve model stability, Ridge Regression was
used, a regularization method that penalizes pre-
dictor variable coefficients to reduce bias and vari-
ance (Lipovetsky, 2021). Decision Trees were se-
lected for their ability to split data into homogene-
ous subsets through hierarchical rules based on the
most relevant variables, offering interpretability and
ease of use (Lee et al., 2022). The Random Forest
model, which combines multiple decision trees us-
ing a bagging approach, improved model accuracy
by reducing overfitting and capturing complex non-
linear interactions (Hu & Szymczak, 2023). Finally,
XGBoost, a boosting-based algorithm, was imple-
mented to iteratively adjust decision trees, optimiz-
ing error minimization and enhancing efficiency in
large datasets (Kumar et al., 2023). Model perfor-
mance was evaluated using accuracy metrics:
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Where Y; is the observed live weight (kg) of the
sheep; ¥; is the predicted live weight of the iii-th
sheep; ¥ is the mean of the actual live weight values
of the sheep; ¢; is the residual value of the iii-th
sheep; k is the number of significant independent
variables in the model; n is the total number of
observations. The residual value for each sheep is
expressed as g; = Y; — 7.

-489-



Scientia Agropecuaria 16(4): 487-498 (2025)

3. Results and discussion

Biometric measurements

The results obtained (Table 1) highlight the rele-
vance of the biometric characteristics analyzed in
the population of 5-month-old male lambs. The live
weight, with an average of 12.44 kg and a coeffi-
cient of variation (CV) of 7.04%, shows low disper-
sion, suggesting homogeneous management in
terms of feeding, health, and environmental condi-
tions. This aligns with previous studies emphasizing
the importance of uniform management during
early stages of sheep development to ensure opti-
mal and consistent growth (Stewart et al., 2005). On
the other hand, body dimensions such as body
length (39.99 cm, CV 7.36%) and thoracic girth
(39.70 cm, CV 7.08%) exhibit low relative variability,
reflecting the uniformity of the population. These
variables have been previously identified as key in-
dicators of growth and body condition in sheep, di-
rectly influencing productivity (Contreras et al,
2024). Similarly, withers height (35.19 cm, CV 8.60%)
and chest depth (17.48 cm, CV 8.28%) show slightly
higher variability, potentially associated with genetic
differences or environmental factors affecting struc-
tural development. In contrast, traits such as rump
width (12.52 c¢cm, CV 11.87%) and cannon bone
length (12.50 cm, CV 11.39%) exhibit higher coeffi-
cients of variation, suggesting significant heteroge-
neity among individuals. This finding is consistent
with research linking these measurements to genet-
ics and productive potential, particularly in exten-
sive management systems where environmental
factors have a greater impact on muscular and skel-
etal development (Pefia-Avelino et al., 2021). Ab-
dominal girth (47.50 cm, CV 9.44%) also shows
moderate variability, which could be influenced by
differences in body condition and nutritional man-
agement. This parameter is of particular interest in
evaluating digestive capacity and overall condition
in sheep, as it is associated with animal welfare and
productive efficiency. The results suggest that the
studied population presents an adequate level of
homogeneity to establish predictive relationships
between biometric variables and live weight.

Ninahuanca et al.

Correlations

The correlation matrix shows the relationship
between live weight and the biometric variables
measured in the male lambs (Figure 2). Specifically,
the following correlations with live weight are
observed. Abdominal Girth (AG): This variable
exhibits the strongest positive correlation with
weight, with a value of 0.71, indicating a strong
relationship. This suggests that as abdominal girth
increases, weight also tends to rise. This result aligns
with the idea that abdominal girth largely reflects
body condition and mass accumulation. Thoracic
Girth (TG): It shows a moderate correlation with
weight, with a value of 0.45. This implies that
thoracic girth is also a good indicator of live weight,
likely related to muscle development in the thoracic
region. Body Length (BL): It has a moderate
correlation with weight, with a value of 0.36. This
suggests that body length can be an indirect
indicator of weight, although its relationship is not
as strong as that of abdominal or thoracic girth.
Withers Height (WH): This variable shows a low
correlation with weight, with a value of 0.30,
indicating that while there is some relationship
between withers height and weight, it is not as
significant compared to other variables. Chest
Depth (CD): It has a low correlation with weight, at
0.26. This suggests that chest depth has a limited
impact on live weight in this population of lambs.
Rump Width (RW): This variable has the weakest
correlation with weight, with a value of 0.18,
indicating a weak relationship with live weight in the
evaluated lambs. Cannon Bone Length (CBL): It
shows a very low correlation with weight, with a
value of 0.06, suggesting that this variable is not a
significant indicator of live weight.

From Table 2, abdominal girth (AG) and thoracic
girth (TG) emerge as the most influential variables
with the greatest statistical significance in relation to
weight. On the other hand, cannon bone length
(CBL) does not show a significant correlation,
indicating that its inclusion in predictive models may
be unnecessary. These observations help prioritize
key variables for subsequent analyses.

Table 1

Descriptive analysis of the variables studied
Variable n Mean + sd CV (%) Min Max
Weight (kg) 291 12.44 + 0.88 7.04 10 15
Body Length (cm) 291 39.99 + 294 7.36 35.10 44.90
Withers Height (cm) 291 35.19 + 3.03 8.60 30.10 40.00
Thoracic Girth (cm) 291 39.70 £ 2.80 7.08 35.00 45.00
Rump Width (cm) 291 12.52 + 1.49 1.87 10.10 15.00
Abdominal Girth (cm) 291 47.50 + 4.48 9.44 40.10 55.00
Cannon Bone Length (cm) 291 12.50 + 1.42 11.39 10.00 15.00
Chest Depth (cm) 291 17.48 + 1.45 8.28 15.00 20.00
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Figure 2. Correlation Matrix of the Variable. 0 indicates no relationship and 1 indicates a very strong relationship. Body Length (BL), Withers
Height (WH), Thoracic Girth (TG), Rump Width (RW), Abdominal Girth (AG), Cannon Bone Length (CBL), Chest Depth (CD).

Table 2
Correlation of variables with weight, most influential variables
PA PT LC AC PP AG LCA
Peso 0.71 0.45 0.36 030 0.26 0.18 0.06
p-value 9.45e-47 3.93e-16 2.12e-10 1.90e-07 0.000005 0.001671 0.30

p-value < 0.05 implies a significant correlation at a confidence level of 59%.
p-value > 0.05 there is insufficient evidence to conclude that the correlation is significant
Body Length (BL), Withers Height (WH), Thoracic Girth (TG), Rump Width (RW), Abdominal Girth (AG), Cannon Bone Length (CBL), Chest

Depth (CD).

Multiple Linear Regression

In the evaluation of different multiple linear regres-
sion models for predicting the live weight of lambs,
six simplified configurations of the general model
(ModG) were compared by progressively removing
independent variables. The regression models
started with the general model, systematically elim-
inating the least correlated variables with weight to
assess which model is ideal, as shown in Table 3.
The results obtained from evaluating different mul-
tiple linear regression models to predict the live
weight of lambs highlight the importance of con-
sidering multiple variables to capture the inherent
complexity of the phenomenon. The general model
(ModG), which includes all independent variables
(BL, WH, TG, RW, AG, CBL, CD), emerges as the

most robust, with an R? of 0.987, an AIC of 78.20,
and the lowest relative error (1.844%). This suggests
that all included variables contribute significantly to
explaining the variability in live weight, consistent
with previous research emphasizing the importance
of integrating multiple morphometric measure-
ments to improve the accuracy of predictive models
(Courtenay et al., 2019; Arabameri et al., 2020).
When analyzing the simplified models, it is ob-
served that the exclusion of CBL (Model 1) does not
significantly affect predictive performance, as it
maintains an R? of 0.986 and an AIC of 81.81. This
aligns with studies reporting that cannon bone
length has a moderate correlation with live weight
in young animals, making it less relevant compared
to other measures such as thoracic or abdominal
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girth (Salamanca-Carrefio et al.,, 2024). However,
when additional variables such as CD and RW are
removed (Models 2 and 3), a progressive loss in
model fit is observed, with decreases in R? to 0.968
and 0.936, respectively. This underscores the rele-
vance of these variables in predicting live weight, as
they are associated with key body parameters re-
lated to the metabolic and structural capacity of
animals (Frizzarin et al., 2021). In the most reduced
models, such as Mod5 and Mod6, where only TG
(Thoracic Girth) and AG (Abdominal Girth) are
included, a significant decrease in predictive
capacity is observed (R® of 0.655 and 0.428,
respectively). However, these models highlight the
importance of TG and AG as the most influential
variables, aligning with studies identifying these
measurements as the best predictors of live weight
in sheep production systems (Pannier et al., 2025).
This is because these dimensions are directly related
to body volume, which is a reliable indicator of live
weight. The analysis of the AIC also provides critical
insights into the balance between simplicity and
accuracy. Although ModG has the lowest AIC (-
78.20), positioning it as the most suitable model in
terms of overall fit, models like Mod1 represent
viable alternatives with a reasonable trade-off

Ninahuanca et al.

approach is consistent with the literature, where the
removal of redundant variables is prioritized to
avoid issues of multicollinearity and overfitting
(Mokri et al., 2025). In terms of stability indicators,
the coefficient of variation (CV%) and relative error
progressively increase as variables are reduced in
the models. This indicates that simplified models
lose stability and precision, with CV% reaching
5.231% and relative error rising to 4.189% in Modé.
These results reinforce the need to balance the
number of included variables with the explanatory
power of the model (Garcia-Medina & Aguayo-
Moreno et al., 2024), as highlighted by studies on
the prediction of productive parameters in sheep.

Machine Learning

Table 4 provides a comprehensive comparison of
the results obtained from five predictive models
used to estimate the live weight of lambs: ModG
(General Multiple Linear Regression), Ridge
Regression, Decision Trees, Random Forest, and
XGBoost.  Key  performance  metrics are
summarized, including MSE (Mean Squared Error),
RMSE (Root Mean Squared Error), coefficients of
determination (R? and Adjusted R?), Relative
Standard Deviation (SDR), Relative Error (%), and

between simplicity and predictive power. This Coefficient of Variation (%).

Tabla 3

Multiple Linear Regression Models
Model AIC MSE RMSE R R’A SDR ER (%) CV(%)
ModG 78.20 0.083 0.287 0.890 0.880 0.925 1.844 6.55
Mod1 8138 0.089 0.299 0.88 0.872 0.919 193 6.51
Mod2 97.956 0.093 0.306 0.876 0.868 0.910 1.997 6.43
Mod3 120.88 0.104 03223 0.861 0.855 0.908 2138 6.428
Mod4 23776 0.1519 0.389 0.798 0.791 0.869 259 6.149
Mod5 312.366 0.309 0.555 0.589 0.579 0.805 3784 5.654
Modé 370.330 0.425 0.652 0.435 0428 0.751 4189 5.231

AIC = Akaike's Information Criterion, MSE = Mean Squared Error, RMSE = Root Mean Squared Error, R2 = Coefficient of Determination,
R2A = Adjusted Coefficient of Determination, SDR = Standard Deviation Ratio, ER = Relative Error, CV = Coefficient of Variance.
ModG: Y=p+Bi(LC)+Bo(AC)+B3(PT)+Ba(AG) +Bs(PA)+Bs (LCA)+B7(PP)+€;

ModT: Y=p+Bi(LC)+Ba(AC) +B3(PT)+Ba(AG) +Bs(PA) +Bs(PP) +€;
Mod2: Y=p+B(LC)+B(AC)+B3(PT)+B4(PA)+Bs(PP)+¢;

Mod3: Y=p+B(LC)+Bo(AC)+B5(PT) +[34 (PA)+€;

Mod4: Y=p+B4(LC)+B(PT) +[33 (PA)+

Mod5: Y=p+B(PT)+B(PA)+

Mod6: Y=p+B(PA)+€;

Table 4

Comparison of Machine Learning models
Model MSE RMSE R? R?°Adj Standard Deviation R Relative Error (%) CV(%)
ModG 0.083 0.287 0.89 0.880 0.925 1.844 6.55
Ridge 0.083 0.288 0.890 0.880 0.920 1.845 6.52
DT 0.240 0.490 0.681 0.639 0.039 3.20 5.89
RF 0.148 0.384 0.803 0.79 0.031 2.57 5.67
XGBoost 0.119 0.345 0.842 0.828 0.0275 2.19 5.97

DT= Decision Tree, RF= Random Forest. AD: Best Hyperparameters ({'criterion”:

‘absolute_error', 'max_depth": 10, 'max_features" 'auto’,

'min_samples_leaf": 5, 'min_samples_split: 2=}). XG: Best Hyperparameters: {learning_rate": 0.05, 'max_depth": 3, 'n_estimators". 150,
'subsample”: 0.8}. RF: Best Hyperparameters: {'max_depth': 10, ‘min_samples_leaf 1, ‘'min_samples_split' 2, 'n_estimators" 50}.
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ModG (General Multiple Linear Regression) and
Ridge Regression (Table 4) demonstrated the best
overall performance, as evidenced by the lowest
MSE values (0.083) and RMSE values (0.287 and
0.288, respectively), as well as the highest R? (0.89)
and Adjusted R? (0.88). These metrics indicate that
both models exhibit superior predictive capability
and effectively capture the relationships present in
the data. Furthermore, the relative error below 2%
(1.844% and 1.845%) and the low CV% values
(6.55% and 6.52%) reinforce their stability and reli-
ability for applications where precision is critical.
These findings align with previous studies highlight
the performance of penalized linear models such as
Ridge Regression in complex datasets with high
multicollinearity.

The Decision Trees model demonstrated the most
limited performance, with the highest MSE (0.240)
and RMSE (0.490) values, as well as the lowest R?
(0.681) and Adjusted R? (0.639) among the evalu-
ated models. Although its residual standard devia-
tion is low (0.039), the relative error (3.20%) and
CV% (5.89%) reflect inadequate predictive capacity
compared to the other models. This result could be
attributed to the model's lack of robustness against
data variability and its limited ability to capture
complex interactions. Nevertheless, the simplicity
and interpretability of Decision Trees may make
them useful in specific scenarios where these factors
are a priority. The decision tree (Figure 3) hierarchi-
cally reflects the relationship between the predictor
variables and weight, highlighting Abdominal Girth
(AG) as the most influential characteristic in the pre-
diction, followed by variables such as Body Length
(BL), Thoracic Girth (TG), and Withers Height (WH),
which also show significant contributions. The tree's
structure, with clear divisions and controlled depth,
captures relevant patterns in the data, effectively re-
ducing squared errors at the terminal nodes. How-
ever, some nodes with higher errors suggest the
presence of noise or the need for additional data to
improve accuracy. According to Long et al. (2025),
random forest models outperform single decision
trees by combining multiple trees and averaging
their predictions, which enhances model accuracy
and stability. One of the strengths of the decision
tree is its visual interpretability, allowing users to ob-
serve how variables influence decisions at each
level. This aspect is crucial for practical decision-
making in the field, where sheep producers can
quickly identify which attributes need to be priori-
tized to optimize the weight of their animals.

The Random Forest (Table 4) model also demon-
strated acceptable results, with an MSE of 0.148 and
an RMSE of 0.384, as well as an R? (0.803) and

Ninahuanca et al.

Adjusted R? (0.79), reflecting good explanatory
power. However, this model exhibited a higher
relative error (2.57%) and a slightly lower CV%
(5.67%), which could limit its application in contexts
where maximum precision is required. Nonetheless,
its performance remains competitive and suitable
for nonlinear and high-dimensional problems.
Figure 4 provides a comprehensive evaluation of
the Random Forest model applied to predicting live
weight in lambs through four graphs highlighting
different aspects of the model. Figure 4a Cross-
Validation Curve: Number of Estimators. This graph
shows how the average R? obtained through cross-
validation varies with the number of estimators in
the model. A significant improvement in model per-
formance is observed as the number of estimators
increases, stabilizing around 100 estimators with an
average R? close to 0.815, emphasizing the im-
portance of optimizing the number of estimators to
balance accuracy and computational efficiency.
Figure 4b Predictions vs. Actual Values compares
the model's predicted values with the actual weight
values. The red reference line represents perfect
equality between predictions and actual values, and
the green points clustered near this line indicate
high accuracy in most cases, with slight deviations
at some extreme points. Figure 4c Distribution of
Errors (Residuals) displays a histogram of errors,
where most errors are concentrated around zero,
indicating generally accurate predictions, although
some larger errors suggest potential areas for
model improvement. Figure 4d Feature Importance
(Heatmap) presents the relative importance of each
predictor variable in the Random Forest model. The
most influential variable is Abdominal Girth (AG),
with an important value of 0.55, followed by
Thoracic Girth (TG) at 0.14 and Withers Height (WH)
at 0.11. Variables such as Rump Width (RW) and
Cannon Bone Length (CBL) show lower impact,
suggesting they may be less relevant for weight
prediction in this model. The application of the
Random Forest model for predicting live weight in
5-month-old lambs provides an interesting per-
spective on the potential and limitations of this ap-
proach. This algorithm is widely recognized for its
ability to handle nonlinear data and its robustness
against overfitting using multiple decision trees
(Shen et al, 2025; Jarupunphol et al, 2025).
However, the results obtained in this study suggest
that, although the model demonstrates reasonable
performance, there are areas for improvement that
warrant attention. With a coefficient of determina-
tion (R?) of 0.80 and an adjusted R? of 0.79, the
model explains approximately 80% of the variability
in the data, reflecting a good overall fit.
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Figure 3. Decision tree generated for weight prediction in morphology analysis (See in high quality in Supplementary Material).
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Figure 4. Performance evaluation of the Random Forest Model: Validation curve, predictions, residuals and importance of features.

Nevertheless, this performance is inferior to that
achieved with other methods, such as Ridge
Regression, which may be attributed to the intrinsic
complexity of the interactions between the
predictor variables.

XGBoost exhibited outstanding performance, with
an MSE of 0.119 and an RMSE of 0.345, accompa-
nied by high R? (0.842) and Adjusted R? (0.828) val-
ues. These metrics position this model as an effi-
cient alternative for prediction tasks where the
balance between accuracy and model complexity is
crucial. Furthermore, the relative error of 2.19% and
CV% of 5.97% indicate adequate robustness for
scenarios with moderate variability in the data.

The set of graphs presented in Figure 5 provides a
detailed evaluation of the XGBoost model and its
performance in predicting live weight in 5-month-
old lambs, highlighting various aspects of the
model. The Cross-Validation Curve of XGBoost,
MSE (Figure 5a), evaluates the model's perfor-
mance during the cross-validation process. Green
points represent the average Mean Squared Error
(MSE) values obtained for different hyperparameter
configurations, while the red line indicates the final
model's MSE. Initial variability between configura-
tions stabilizes as hyperparameters are optimized,
suggesting improved performance with specific
configurations. The Feature Importance in XGBoost
(Figure 5b) shows the relative importance of varia-
bles in the model. Abdominal Girth (PA) is identified

as the most influential feature in the model's pre-
dictions, followed by Thoracic Girth (PT) and With-
ers Height (AC), reinforcing the key role of these
variables in accurately estimating live weight in
lambs. Predictions vs. Actual Values (Figure 5c)
compares the model's predictions with actual
weight values. Points close to the red reference line
indicate a good model fit. While most data points
closely follow the reference line, some deviations
are visible but remain within acceptable margins,
demonstrating reliable model predictions. Distribu-
tion of Errors (Residuals) (Figure 5d) presents the
distribution of prediction errors (residuals), defined
as the difference between actual and predicted
weights. Most errors are centered around zero, with
an approximately symmetric distribution, indicating
no significant biases in the model and consistent
predictions. The implementation of the XGBoost
model for predicting live weight in lambs showed
promising results, excelling in both predictive ca-
pacity and the identification of the most influential
features. Cross-validation demonstrated the mod-
el's ability to optimize effectively by adjusting hy-
perparameters such as the number of estimators,
maximum tree depth, and learning rate, ensuring
an appropriate balance between bias and variance
(Liang et al., 2025). This is evident in the cross-vali-
dation graph, where optimal hyperparameter con-
figurations lead to minimal MSE values, reinforcing
the robustness of the tuning process.
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Figure 5. Performance evaluation of the XGBoost: Validation curve, predictions, residuals and importance of features.

Regarding feature importance, Abdominal Girth
(PA) emerged as the most significant variable in the
model's predictions, followed by Thoracic Girth (PT)
and Withers Height (AC). This aligns with previous
studies in production animals, where these body
measurements are strongly correlated with live
weight and are used as reliable indicators in animal
management systems (Ergin et al, 2025). The
model's ability to identify these key variables
underscores its practical utility in the zootechnical
field, enabling efficient and accurate assessment of
live weight without the need for invasive or
expensive tools. The analysis of predictions against
actual values revealed significant alignment, with
most points closely following the reference line. This
indicates that the model not only effectively
captures the general trends in weight but also
minimizes prediction errors. However, it is
important to note that some marginal deviations
could be attributed to unmodeled factors such as
genetic differences, environmental conditions, or
feeding, which affect the animals' physical
characteristics (Contreras et al., 2024). On the other
hand, the residual distribution showed symmetric
dispersion around zero, confirming the absence of
systematic biases in the model. This uniform error
distribution indicates that the predictions are not
influenced by outliers or biased towards a specific
range of live weight. This is crucial in practical
applications, where the reliability and stability of

predictions are determining factors for decision-
making in animal production systems. Compared to
other machine learning models, XGBoost stood out
for its ability to handle datasets with high
dimensionality and correlations between variables,
contributing to superior performance. Studies such
as those conducted by Ahmed et al. (2023) have
shown that XGBoost is particularly effective in
contexts where the relationship between features
and the target variable is nonlinear and complex, as
is the case with live weight in animals.

4. Conclusions

The comparative analysis of the Machine Learning
models identified ModG and Ridge as the most
accurate and stable options, standing out for their
low Mean Squared Error (MSE = 0.083) and Root
Mean Squared Error (RMSE = 0.287 — 0.288).
Additionally, they exhibited the highest coefficients
of determination (R? =0.89, R,4°=0.88), indicating
excellent predictive capability and data fit. Their low
coefficient of variation (CV%) confirms their stability,
establishing them as the best choices for
applications where precision is paramount, such as
the prediction of critical values in production
processes and high-demand scientific studies.
While XGBoost proved to be a robust alternative
with an MSE of 0.119, an RMSE of 0.345, and a
relative error of 2.22%.
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The results obtained emphasize the importance of
selecting predictive models based on the balance
between accuracy, interpretability, and stability.
While ModG and Ridge are ideal for scenarios
where precision is critical, XGBoost emerges as a
robust option for problems with high variability. In
contrast, Decision Trees, although less accurate, can
be useful in applications where the interpretability
of decision rules is a key factor. Such an approach
optimizes feed allocation, classifies lambs by market
weight, and promptly detects growth deviations,
thereby improving overall flock profitability.
Further research should validate these findings
across multiple flocks that differ in age, sex, breed,
and altitude, while simultaneously exploring low-
cost 3-D photogrammetry or smartphone imagery
to enrich morphometric inputs. Combining inter-
pretable ensemble methods with post-hoc explain-
ability techniques such as SHAP could also translate
predictions into clearer on-farm guidelines, enhan-
cing adoption and decision-making throughout
diverse sheep-production systems.
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