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Estimation of body
weight (BW) in horses is
essential for effective
health monitoring,
dosing and nutritional
planning.




Maybe for some stables
it is common to have a
scale, however, in many
countries such facilities
are not available, so it is
useful to use proxis for
live weight estimation
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itional methods based on

such as height at withers, chest
girth and body length have been
widely used
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iachin (ML)
algorithms have shown the
potential to predict BW.
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Mexico: State of Mexico,
Nuevo Leon and Mexico City




Location

Mexico: State of Mexico,
Nuevo Leon and Mexico
City

™

Database

142 horses (88 females and
54 males) over 2 years of
age

Morphometric
measurements

Height at withers (HW), chest
girth (CG), neck
circumference (NC) and body
length (BL)
Additionaly: Age and BCS
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Partition

The data set was randomly divided into 70% for training and 30% for testing




Partition

The data set was randomly divided into 70% for training and




Value

Exploratory analisis

Boxplots of All Numerical Variables Age

600 LW .

0.53 HW

400

0.72 0.57

e - 0.7

NC

R 0.51 0.42

Variable 0.52 0.50 ).34 BCS
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INPUTS

height at withers (HW),
chest girth (CG)
neck circumference (NC)
body length (BL)
Age

BCS

Data analysis

Data analisis

N

OUTPUTS

Live weight

(kg)



Machine Learning
algorithms

Multiple linear regression (MLR)
MLR with interaction (MLRi)
Stepwise MLR (MLRs)

Artificial neural networks (ANN)

Generalized additive model with
penalized splines (GAMLSS)

Support vector machines (SVM)



Coefficient of
determination
(r square)

Fitting performance [ Root mean square

prediction error
(RMSE)







1l Table 1. Goodness-of-Fit Metrics for Machine Learning Models
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Overfitting



Figure 2. Scatterplot of observed (x-axis) vs. predicted (y-axis) values,
illustrating model accuracy on test data.
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Conclusions

Based in R square and RMSE, MLR and GAMLSS
showed the best overall performance for BW estimation,
high accuracy and generalisation

Accorgding with MAPE, SVM and ANN showed good
predictive ability, however, their susceptibility to
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* sInclude additional variables: Consider
- breed, activity level, and other relevant
factors.

N *Explore alternative ML algorithms: Test
" models like decision trees, rule-based
= systems, and random forest.

. *Enhance algorithm usability: Focus on

; , === portability and develop a user-friendly app

=z for practical implementation.



®

Confiabilidad Global en Nutricion Animal
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