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ABSTRACT

Objective: Morphometric measurement is essential in the determination of breeding program
zones that need to be improved.

Materials and Methods: This research aims to compare the precision of morphometric mea-
surement to linear models, such as regression analysis and machine learning methods, such as
Random Forest (RF), to improve the precision of live weight estimation in animal breeding pro-
grams. A total of 228 rabbits were used in the current study, and they comprised the following
breeds:39 Satin, 40 Rex, 40 New Zealand White, 29 Hyla, 40 Hycole, and 40 Reza were utilized for
the study. Each rabbit was measured on body weight, head (width and length), chest circumfer-
ence, body length, and hip width. Stepwise regression and linear regression analyses were con-
ducted using the Im function in R version 4.4.1. For the RF algorithm, the caret and randomForest
packages were utilized to build and evaluate the model.

Results: In this study, linear regression [R-squared value of 0.82 and an Root Mean Squared
error (RMSE) of 300.16] outperformed RF (R-squared value of 0.8 and an RMSE of 326.37) in
predicting rabbit body weight based on morphometric measurements. The results showed that
chest circumference and body length were the most influential predictors, with the largest coef-
ficients and highest significance levels, and the IncNodePurity illustration showed head length
(IncNodePurity: 19388974) emerged as an important factor in predicting body weight.
Conclusion: The Linear regression model showed superior results compared to the RF model in
predicting rabbit body weight based on morphometric measurements.
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consists of high protein content, extremely low fat content,
and a desirable percentage of unsaturated fatty acids. In
addition, rabbit meat contains virtually no cholesterol and
consists mainly of calcium and phosphorus, thus being a
healthy choice of food [7].

Morphometric measurements play an important role
in the classification and differentiation of various breeds

Introduction

Rabbits can be utilized both for meat production and as pets.
Their small size, docile temperament, and rapid reproduc-
tive rate make them well-suited for these roles [1]. For meat
production, rabbits possess a number of unique benefits,
such as a high rate of reproduction [2,3]. In relation to other
animals, rabbits require little space and resources to raise,

and thus, they consume less in terms of the environment.
Rabbit meat is also becoming increasingly acceptable
in Indonesia due to the increasing demand for alternative
protein sources [4,5], and rabbit meat has the immense
scope to provide sustainable income to the small farm-
ers [6]. Rabbit is a very good source of nutrition since it

of animals [8-10]. This study can prove to be helpful in
the knowledge about how different populations have
evolved and how one can maximize the changes that can
be enhanced in the breeding programs. Furthermore,
morphometrics is a reliable predictor of carcass weight
and body weight of animals [11,12]. Such an approach is
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particularly appropriate in the livestock production sec-
tor, where meat yield and performance of growth may be
tested non-invasively and to an economically reasonable
degree.

Moreover, linear models and machine learning software
can be used to significantly improve prediction accuracy in
the field of animal science, such as the estimation of live
weight [13,14]. Linear models such as regression analysis
offer a simple and interpretable method for determining
the relationship between morphometric measurements
and factors such asbody weight or carcass yield. Conversely,
machine learning algorithms like Random Forest (RF)
have superior attributes to identify a non-linear pattern in
data. Thus, the purpose of this research is to compare and
evaluate the linear regression and RF algorithm to deter-
mine how efficient they are in forecasting the body weight
from the measurements of the body size. Through these
two different modeling techniques, the research aims to
determine which of the two methods is more accurate and
reliable in predicting body weight from morphometric
measurements.

Materials and Methods
Ethical approval

This study was carried out at the Indonesian Research
Institute for Animal Production in Ciawi, Indonesia.
Approval for this study was sought from the Institutional
Animal Care and Use Committee of the Indonesian Agency
for Agricultural Research and Development with the
approval number Balitbangtan/Balitnak/Rd/01/2021.

Animals

A total of 228 6-month-old rabbits were used in this study,
comprising 39 Satin (20 male and 19 female), 40 Rex (20
male and 20 female), 40 New Zealand White (20 male and
20 female), 29 Hyla (9 male and 20 female), 40 Hycole (20
male and 20 female), and 40 Reza (16 male and 24 female)
breeds. The kits were weaned at 5 weeks. The diet used
in this study contained 18% crude protein, 2,500 kcal/
kg metabolic energy, and 14% crude fiber. The diet was
made in the form of a pellet. The pellet was delivered in
the morning and evening, with drinking water supplied ad
libitum.

Statistical analysis

Each rabbit individual was measured on body weight, head
(width and length), chest circumference, body length, and
hip width. Stepwise regression and linear regression anal-
yses were conducted using the Im function in R version
4.4.1. For the RF algorithm, the caret and randomForest
packages were utilized to build and evaluate the model.
Data visualization and plotting were performed using the
ggplot2 package, ensuring clear and informative graphical
representations of the results.

Results and Discussion

The model of stepwise regression shows a significant result
of the variance in body weight, as indicated by the highly
significant predictor values (head length, chest circumfer-
ence, and body length) (Tables 1 and 2). Chest circumfer-
ence and body length are the most influential predictors,
with the largest coefficients and the highest significance

Table 1. Dataset for predicting body weight using morphometric data.

Breed Sex Body weight (gm) Head length Head width Chest circumference Body length (cm) Hip width (cm)
(cm) (cm) (cm)
Satin Male (n = 20) 2,066.25 + 251.25 11.24 £ 0.88 4.59 +£0.29 29.22£2.59 31.53+1.68 8.90+1.17
Female (n =19) 2,568.16 + 404.66 13.25+1.11 4.41 +0.66 31.69+2381 33.21+1.14 8.47 £0.83
Rex Male (n = 20) 2,579.25 £ 421.85 12.87+1.39 5.12+0.49 31.61+1.93 33.48+1.04 8.84 +0.56
Female (m=20) 1,829.50 + 269.10 11.18 +1.43 4.14 +£0.53 27.47 £2.58 30.39+1.69 8.52+1.01
New Male (n = 20) 3,434 £ 566.54 13.75+0.97 5.22+0.68 32.45+2.26 37.33+£3.13 8.93£0.66
xﬁrf:d Female (n=20)  3,024.50+402.04  13.93+0.82 4.80+0.34 31.54+1.29 35.76 +1.91 8.63+0.59
Hyla Male (n=9) 3,397.78 £ 455.96 14.47 + 0.65 5.08 +0.35 34.13+2.14 3493+1.23 8.08 £0.95
Female (n = 20) 3,492.25 +701.55 13.76 +1.89 4.90+0.34 33.96 +£2.35 36.31+2.39 9.13+1.05
Hycole Male (n = 20) 3,377.50 +523.49 14.25+1.18 5.01+0.34 34.16 £2.49 37.73£1.60 9.22+0.69
Female (n = 20) 3,379.50 + 601.14 13.73+2.36 4.69+0.34 33.56 £2.09 37.37+1.53 8.97+0.71
Reza Male (n = 16) 2,392.19 + 318.82 12.91+1.06 4.81+0.24 30.26+£1.28 33.92+1.18 8.14+4.94
Female (n = 24) 2,271.46 +324.12 13.10+0.51 4.43+0.23 30.17 £1.47 33.72+1.82 7.92+0.47

The numbers in the table are (mean * SE)
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Table 2. Stepwise regression results for body weight prediction.

Variable Estimate Std. Error t-value p-value Significance
Intercept -5,797.995 259.508 -22.342 <2e-16 * %k ok
Head length 60.519 15.174 3.988 9.04e-05 * %k ok
Head width 73.511 41.386 1.776 0.0771

Chest circumference 116.409 9.966 11.680 <2e-16 * ko
Body length 95.233 9.403 10.128 <2e-16 * %k k
Hip width 54.446 25.505 2.135 0.0339 *

*:p < 0,05, *:p < 0.01, ***:p < 0.001

levels. This suggests that these variables can accurately
predict body weight.

Head width and hip width are less likely to contribute to
the model, indicating that they provide additional explana-
tory power. The intercept suggests that the model predicts
a negative body weight when all predictors are zero, which
is biologically implausible. This indicates that the relation-
ship between the predictors and body weight is not linear
across the entire range of values, or that the model may not
extrapolate well outside the observed data range.

The findings are consistent with previous studies on
other species, such as Belgian Blue cattle, where Chest
Circumference and Body Length were identified as the
most important predictors of body weight [15]. This sup-
ports the belief that such morphometric characteristics
are strong universal predictors of body mass across vari-
ous animal species. The same outcome is attained in more
recent research on goats and sheep, whose chest girth and
body length have been significantly correlated with body
weight as predictors in models of body weight prediction
[16,17].

The linear regression model that was applied to fore-
cast the body weight of the rabbits based on predictors
like chest circumference, body length, head length, and
hip width had an R-squared of 0.82 and an Root Mean
Squared error (RMSE) of 300.16 (Fig. 1a). These findings
can be useful to explain the performance of the model
and relations between the predictors and body weight. An
R-squared value of 0.82 indicates that the model accounts
for a large part of the underlying relationship between
these morphometric measurements and body weight.

The RF model that was used to predict the body weight
of the rabbits based on predictors, which included chest
circumference, body length, head length, and hip width,
had an R-squared of 0.8 and an RMSE of 326.37. (Fig.
1b). Linear regression was better than RF for rabbit body
weight prediction based on morphometric measurements
in this study. The finding is consistent with Ruchay et al.
[18], who found that linear regression gave improved body
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weight predictions in Hereford cows as compared to sup-
port vector machines and RE.

In addition, the development of machine learning
algorithms has also confirmed the significance of these
morphometric traits. For instance, a study on pigs demon-
strated the StackingRegressor model for predicting body
weight, achieving high accuracy and robustness [19].
Similarly, poultry research highlighted the utility of com-
bining traditional morphometric measurements with
machine learning algorithms to improve weight prediction
accuracy, particularly in large-scale farming operations
[20]. The findings from this comparison will contribute
to the development of more effective tools for weight pre-
diction, supporting improved livestock management and
breeding practices. However, simpler models may be more
effective when the relationships between predictors and
body weight are predominantly linear.

Figure 1c illustrates IncNodePurity (Increase in Node
Purity), a metric used in RF models to assess the impor-
tance of predictor variables. In the context of this study,
IncNodePurity for chest circumference (IncNodePurity:
27698337) and body length (IncNodePurity: 25253933)
are most influential in predicting body weight.
Interestingly, head length (IncNodePurity: 19388974)
emerges as an important factor in predicting body weight
in this study. This finding is unexpected, as head length
is not commonly identified as a significant predictor in
body weight estimation models. For instance, Abbas et al.
[21] found no significant effect of head length in predict-
ing body weight in sheep. The prominence of head length
in this study could be attributed to unique breed char-
acteristics or specific morphometric relationships in the
studied population.

Machine learning became an essential tool in modern
livestock management, offering innovative solutions for
monitoring animal health, predicting body weight, opti-
mizing breeding programs, and enhancing overall farm
efficiency. Algorithms such as RF [22,23], Support Vector
Machine [24,25], Artificial neural networks [26,27],
Convolutional Neural Network [28,29], and Gradient
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Figure 1. (a) Linear regression for predicting body weight using morphometric data in Indonesian rabbits.
(b) Random forest for predicting body weight using morphometric data in Indonesian rabbits. (c) Variable of

importance in a random forest.

Boosting [30,31] were successfully applied to analyze mor-
phometric data, classify animal behavior, predict growth
performance, predict electricity consumption on dairy
farms, and predict milk yield.

Moreover, RF had a higher accuracy compared to
Gradient Boosting and Support Vector Machine in deter-
mining active and inactive activities in growing rabbits
[32]. In addition, the use of machine learning in rabbit
farming can be used for image recognition of fecal shape
to monitor rabbit health [33]. The integration of machine
learning with the Internet of Things (IoT) is expected to
enhance rabbit farm management by enabling real-time
monitoring, optimizing growth performance, and improv-
ing breeding selection programs. loT devices, such as
smart sensors and cameras, can continuously collect data
on environmental conditions, feeding patterns, and rab-
bit behavior, while machine learning algorithms analyze
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this data to detect health issues, predict growth rates,
and recommend optimal breeding pairs. This advanced
approach can lead to more efficient resource utilization,
reduced production costs, and improved overall farm
productivity.

Conclusion

In conclusion, chest circumference, body length, and head
length are reliable predictors of body weight for rabbits.
The linear regression model showed superior results com-
pared to the RF model in predicting rabbit body weight
based on morphometric measurements.

List of abbreviations

RMSE: Root Mean Squared Error; RF: Random Forest.

1048



Acknowledgment

The authors gratefully acknowledge the Indonesian
Research Institute for Animal Production for financial
support (Grant No. 4585.SDA.502/051/B). The authors
also thank the Research Center for Animal Husbandry,
National Research and Innovation Agency of the Republic
of Indonesia, for providing facilities and technical assis-
tance during the study.

Authors’ contribution

BB: Funding acquisition and conceptualization. HN: Data
curation and formal analysis. AKI: Writing—original draft
and writing—review. MIS: Data curation and investigation.
FS: Writing—original draft and writing—review. RHM:
Validation and investigation. GAW: Methodology and vali-
dation. NA: Methodology and data curation. CH: Writing—
original draft and writing—review. WS: Conceptualization
and formal analysis. The final manuscript was read and
approved by all authors.

References

[1] Siddiqui SA, Gerini F, Ikram A, Saeed F, Feng X, Chen Y. Rabbit meat
production, consumption and consumers’ attitudes and behav-
jor. Sustainability 2023; 15(3):2008; https://doi.org/10.3390/
su15032008

[2] Brahmantiyo B, Pratiwi N, Saputra F, Raharjo YC, Prasetyo LH.
Growth performance of male line of superior tropical rabbit.
Trop Anim Sci ] 2021; 44(3):273-9; https://doi.org/10.5398/
tasj.2021.44.3.273

[3] Setiaji A, Kurnianto E, Sutopo S. Partial diallel cross for assess-
ing genetic merit of local rabbit breed. World Rabbit Sci 2022;
30(3):195-200; https://doi.org/10.4995/wrs.2022.14990

[4] Margatama H, Nuraini H, Brahmantiyo B, Supratikno. Carcass
productivity and meat quality of Bambu Apus rabbit. ] [lmu
Produksi Teknol Hasil Peternakan 2023; 11(3):119-25; https://
doi.org/10.29244 /jipthp.11.3.119-125

[5] Tasya KF Principal component analysis for morphomet-
rics and carcass traits of commercial rabbits. Acta Fytotech
Zootech 2024; 27(4):379-86; https://doi.org/10.15414/
afz.2024.27.04.379-386

[6] Wongnaa CA, Afful-Kwadam K, Asempah MK, Hagan MAS,
Awunyo-Vitor D. Is it profitable and viable to invest in commer-
cialization of rabbit production? Implication on rural enter-
prise development. Sustain Technol Entrep 2023; 2(3):100048;
https://doi.org/10.1016/j.stae.2023.100048

[7] Nistor E, Bampidis VPN, Cal C, Pentea M, Tozer ], et al. Nutrient
content of rabbit meat as compared to chicken, beef and pork
meat. ] Anim Prod Adv 2013; 3(4):172.

[8] Hosseini M, Shahrbabak HM, Zandi MB, Fallahi MH. A morpho-
metric survey among three Iranian horse breeds with multivari-
ate analysis. Media Peternak 2016; 39(3):155-60.

[9] Alhajeri BH, Alageely R, Alhaddad H. Classifying camel breeds
using geometric morphometrics: a case study in Kuwait.
Livest Sci 2019; 230:103824; https://doi.org/10.1016/j.
livsci.2019.103824

[10]  Suryaka Y, Sutopo S, Setiaji A. The phenotypic characteristics
and morphology of Jabres and Pasundan cattle differences.
Biodiversitas 2024; 25(7):745; https://doi.org/10.13057/
biodiv/d250745

http://bdvets.org/javar/

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Brahmantiyo et al. / J. Adv. Vet. Anim. Res., 12(3): 1045-1050, September 2025

Da Cunha ACR, Antunes RC, Da Costa WG, Rebougas GF, Leite CDS,
Do Carmo AS. Body weight prediction in crossbred pigs from dig-
ital images using computer vision. Livest Sci 2024; 282:105433;
https://doi.org/10.1016/j.1ivsci.2024.105433

Ustiindag Y, Kartal M. Prediction of carcass weight using the
morphometry of ankle bones in hair goats. Vet Med Sci 2024;
10(4):e1544; https://doi.org/10.1002 /vms3.1544

Kozakli O, Ceyhan A, Noyan M. Comparison of machine learning
algorithms and multiple linear regression for live weight estima-
tion of Akkaraman lambs. Trop Anim Health Prod 2024; 56:4049;
https://doi.org/10.1007 /s11250-024-04049-0

Duan E, Hao H, Zhao S, Wang H, Bai Z. Estimating body weight in
captive rabbits based on improved Mask RCNN. Agriculture 2023;
13(4):791; https://doi.org/10.3390/agriculture13040791
Praharani L, Talib C, Kusumaningrum D, Widiawati Y, Asmarasari
S, Rusdiana S, et al. Body weight prediction of Belgian Blue cross-
bred using random forest. ] Adv Vet Anim Res 2024; 11(1):181-4;
https://doi.org/10.5455 /javar.2024.k763

Dakhlan A, Hamdani MDI, Putri DR, Sulastri S, Qisthon A. Short
communication: prediction of body weight based on body mea-
surements in female Saburai goat. Biodiversitas 2021; 22(3):341;
https://doi.org/10.13057 /biodiv/d220341

Sowande OS, Sobola 0S. Body measurements of West African
Dwarf sheep as parameters for estimation of live weight. Trop
Anim Health Prod 2008; 40:433-9; https://doi.org/10.1007/
s11250-007-9116-z

Ruchay A, Gritsenko S, Ermolova E, Bochkarev A, Ermolov S,
Guo H, et al. A comparative study of machine learning methods
for predicting live weight of Duroc, Landrace, and Yorkshire
pigs. Animals 2022; 12(9):1152; https://doi.org/10.3390/
ani12091152

Ruchay A, Kober V, Dorofeev K, Kolpakov V, Dzhulamanov K,
Kalschikov V, et al. Comparative analysis of machine learning
algorithms for predicting live weight of Hereford cows. Comput
Electron Agric 2022; 195:106837; https://doi.org/10.1016/j.
compag.2022.106837

Urooj M, Igbal F. An ensemble machine learning approach for the
prediction of body weight of chickens from body measurement.
] Anim Plant Sci 2023; 33(4):673; https://doi.org/10.36899/
japs.2023.4.0673

Abbas A, Ullah MA, Waheed A. Body weight prediction using
different data mining algorithms in Thalli sheep: a comparative
study. Vet World 2021; 14(9):2332-8; https://doi.org/10.14202/
vetworld.2021.2332-2338

Ergin M, Koskan O. Estimating body weight in Sujiang pigs using
artificial neural network, nearest neighbor, and CART algo-
rithms: a comparative study using morphological measurements.
Trop Anim Health Prod 2025; 57:17; https://doi.org/10.1007/
s11250-024-04258-7

Karakus F. Estimation of marketing live weight of lambs by dif-
ferent machine learning algorithms. Indian ] Anim Res 2024;
59(1):156-62; https://doi.org/10.18805/ijar.bf-1855

Shine P, Scully T, Upton ], Murphy MD. Annual electricity consump-
tion prediction and future expansion analysis on dairy farms
using a support vector machine. Appl Energy 2019; 250:1110-9;
https://doi.org/10.1016/j.apenergy.2019.05.103

Onder H, Tirink C, Yakubets T, Getya A, Matvieiev M, Kononenko
R, et al. Predicting live weight for female rabbits of meat crosses
from body measurements using LightGBM, XGBoost and support
vector machine algorithms. Vet Med Sci 2025; 11(1):e70149;
https://doi.org/10.1002 /vms3.70149

Singh B, Das A, Bhakat C, Mishra B, Elangbam S, Sinver M, et al.
Prediction of dry matter intake in growing Black Bengal goats
using artificial neural networks. Trop Anim Health Prod 2025;
57:42; https://doi.org/10.1007 /s11250-025-04295-w

1049


https://doi.org/10.3390/su15032008
https://doi.org/10.3390/su15032008
https://doi.org/10.5398/tasj.2021.44.3.273
https://doi.org/10.5398/tasj.2021.44.3.273
https://doi.org/10.4995/wrs.2022.14990
https://doi.org/10.29244/jipthp.11.3.119-125
https://doi.org/10.29244/jipthp.11.3.119-125
https://doi.org/10.15414/afz.2024.27.04.379-386
https://doi.org/10.15414/afz.2024.27.04.379-386
https://doi.org/10.1016/j.stae.2023.100048
https://doi.org/10.1016/j.livsci.2019.103824
https://doi.org/10.1016/j.livsci.2019.103824
https://doi.org/10.13057/biodiv/d250745
https://doi.org/10.13057/biodiv/d250745
https://doi.org/10.1016/j.livsci.2024.105433
https://doi.org/10.1002/vms3.1544
https://doi.org/10.1007/s11250-024-04049-0
https://doi.org/10.3390/agriculture13040791
https://doi.org/10.5455/javar.2024.k763
https://doi.org/10.13057/biodiv/d220341
https://doi.org/10.1007/s11250-007-9116-z
https://doi.org/10.1007/s11250-007-9116-z
https://doi.org/10.3390/ani12091152
https://doi.org/10.3390/ani12091152
https://doi.org/10.1016/j.compag.2022.106837
https://doi.org/10.1016/j.compag.2022.106837
https://doi.org/10.36899/japs.2023.4.0673
https://doi.org/10.36899/japs.2023.4.0673
https://doi.org/10.14202/vetworld.2021.2332-2338
https://doi.org/10.14202/vetworld.2021.2332-2338
https://doi.org/10.1007/s11250-024-04258-7
https://doi.org/10.1007/s11250-024-04258-7
https://doi.org/10.18805/ijar.bf-1855
https://doi.org/10.1016/j.apenergy.2019.05.103
https://doi.org/10.1002/vms3.70149
https://doi.org/10.1007/s11250-025-04295-w

[27]

(28]

[29]

[30]

http://bdvets.org/javar/

Usman SM, Dutt T, Sahib QS, Singh NP, Tiwari R, Chandrakar ], et
al. Artificial neural networks for predicting first-lactation 305-
day milk yield in crossbred cattle. S Afr ] Anim Sci 2025; 55(1):1-
9; https://doi.org/10.4314/sajas.v55i1.01

Sobhi AA, Abbas AM, Alkellezli TS, Eassa M. Optimizing animal
classification through convolutional neural networks. Precis
Livest 2025; 2:1-10; https://doi.org/10.61356/j.pl.2025.2458
Zhang H, Zhang Y, Niu K, He Z. Neural network-based method
for contactless estimation of carcass weight from live beef
images. Comput Electron Agric 2024; 229:109830; https://doi.
org/10.1016/j.compag.2024.109830

ArunKumar KE, Blake NE, Walker M, Yost TJ, Mata-Padrino D,
Holaskova |, et al. Predicting dry matter intake in cattle at scale
using gradient boosting regression techniques and Gaussian

(31]

[32]

[33]

Brahmantiyo et al. / J. Adv. Vet. Anim. Res., 12(3): 1045-1050, September 2025

process boosting regression with SHAP explainable Al, MLflow
and its containerization. ] Anim Sci 2025; 103:skaf041; https://
doi.org/10.1093 /jas/skaf041

Peng X, Song Y, Zhou Y, Wei H, Jiang S, Wei F, et al. Analysis and
prediction of backfat thickness in gestating sows using machine
learning algorithms. Smart Agric Technol 2025; 11:100875;
https://doi.org/10.1016/j.atech.2025.100875

Mora M, Riaboff L, David I, Sanchez JP, Piles M. Classifying active
and inactive states of growing rabbits from accelerometer data
using machine learning algorithms. Smart Agric Technol 2024;
9:100675; https://doi.org/10.1016 /j.atech.2024.100675
Demolombe J, Yuan T, Zhang X, Shao L, Gong L, Xu T. A deep learn-
ing-based image recognition algorithm for fecal shape of domes-
tic rabbits. Rev Intell Artif 2008; 32(S1):67-78.

1050


https://doi.org/10.4314/sajas.v55i1.01
https://doi.org/10.61356/j.pl.2025.2458
https://doi.org/10.1016/j.compag.2024.109830
https://doi.org/10.1016/j.compag.2024.109830
https://doi.org/10.1093/jas/skaf041
https://doi.org/10.1093/jas/skaf041
https://doi.org/10.1016/j.atech.2025.100875
https://doi.org/10.1016/j.atech.2024.100675

