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ABSTRACT

Accurate prediction of carcass traits is essential for genetic improvement and value optimization in the beef industry. Backfat

thickness is particularly important because it directly affects both market value and consumer preference. This study evaluated

the predictive performance of machine learning (ML) models for estimating backfat thickness in Hanwoo cattle. A total of

386 Hanwoo carcass records were used, and 10 carcass features served as input variables, with backfat thickness being the

prediction target. Model performance was assessed primarily by mean absolute error (MAE) and secondarily by the coefficient

of determination (R2). Support vector regression (SVR) showed the best predictive performance, achieving the lowest MAE

(2.796) and the highest R2 (0.375) after hyperparameter tuning. In contrast, other models showed higher MAE values, generally

ranging from 3.0 to 4.0. Pearson correlation analysis identified intramuscular fat score (r = 0.37), quality grade (r =−0.33), and

sex (r = 0.34) as the most influential predictors of backfat thickness. These findings support SVR as a robust approach for

predicting carcass backfat thickness in Hanwoo cattle and provide a practical framework for ML-based precision phenotyping

and breeding strategies.

Introduction

Backfat thickness in Hanwoo cattle is a key determinant of beef quality and market value because it directly influences carcass

grade and consumer preference1, 24. Although moderate backfat can improve palatability through its association with marbling,

excessive fat deposition reduces yield grade and economic return. Accurate prediction of this trait is therefore important to

maintain carcass uniformity and optimize profitability. To date, most predictive studies have relied on genomic approaches.

For example, Lopes et al.25 showed that multi-trait analyses improved prediction accuracy by leveraging genetic correlations

among traits. However, genomic approaches mainly focus on heritability and molecular markers and may underrepresent the

combined effects of environmental, phenotypic, and management-related factors that also influence fat deposition.

In this context, machine learning (ML) offers a promising alternative to build predictive models of complex traits due to its

ability to capture nonlinear relationships and high-order interactions among predictive variables, thereby improving prediction

accuracy6. Over the past decade, ML has gained increasing attention in animal science for predicting diverse phenotypic traits.

Ruchay et al.36, for example, reported that ML models outperformed traditional linear models for cattle body-weight prediction

based on morphometric measurements, with random forest achieving the highest accuracy. Comparative analyses have also

shown that support vector machines can provide strong predictive performance for quantitative traits in cattle and pigs28, 42.

More recent livestock-focused studies further indicate that model superiority is trait- and population-dependent: ML

methods improved genomic prediction of growth traits in composite beef cattle15, while comparative ML analyses in Holstein

cattle showed clear model-specific differences in predictive performance for behavior-related traits32. Given the wide range of

available ML algorithms and their distinct learning mechanisms, it is essential to perform a comparative evaluation, as the

optimal model often depends on the specific trait and dataset characteristics. Identifying the best-performing model is therefore

critical to enhancing the accuracy, robustness, and practical utility of prediction models in livestock breeding and management.

Despite growing interest in applying ML to livestock phenotyping, few studies have systematically compared a broad

range of algorithms to identify effective models for predicting backfat thickness in Hanwoo cattle. Here, we benchmarked

14 classical and ensemble-based ML algorithms using 10 carcass-related variables as predictors. Rather than using deep

learning methods, which typically require larger datasets, we focused on approaches better suited to the moderate sample size

available for Hanwoo carcass traits. Because comparative results in moderate-sized datasets can be sensitive to data splitting

and hyperparameter tuning3, 17, 22, 23, we applied a consistent evaluation procedure and a transparent tuning strategy to enable

fair comparisons across models. By identifying top-performing algorithms under this setting, we aim to establish an optimized



predictive framework tailored to Hanwoo carcass characteristics and to provide practical guidance for improving prediction

accuracy.

Results

Correlation Analysis

Pearson’s correlation analysis revealed that backfat thickness was most strongly correlated with intramuscular fat score (fat

number, r = 0.37, p < 0.001), sex (r = 0.34, p < 0.001), and meat quality grade (grade score, r =−0.33, p < 0.001). Pairwise

correlation coefficients among all carcass variables are visualized in Figure 1.

Figure 1. Heatmap illustrating Pearson’s correlation coefficients among the carcass variables. Statistical significance is

indicated as ns (p ≥ 0.05), * (p < 0.05), ** (p < 0.01), and *** (p < 0.001).

Model Performance Comparison

Among the 14 ML models evaluated, SVR achieved the lowest MAE before and after hyperparameter optimization (2.94 mm

and 2.80 mm, respectively) and the highest R2 (0.357 and 0.375, respectively). The MAE and R2 values for all models are

presented in Figures 2 and 3, respectively.
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Ensemble methods ranked second overall: AdaBoost yielded an MAE of 3.10 mm (R2
= 0.30) and random forest 3.14 mm

(R2
= 0.29). Other ensemble models, including XGBoost (3.22 mm, R2

= 0.27), CatBoost (3.25 mm), gradient boosting

(3.28 mm, R2
= 0.26), and LightGBM, showed intermediate performance. Linear regression models, including Bayesian

ridge, ridge, lasso, and ordinary linear regression, produced MAE values of approximately 3.25–3.28 mm and R2 values of

approximately 0.29–0.30. Instance-based and neural models showed the highest prediction errors: KNN yielded an MAE of

3.47 mm (R2
= 0.14), decision tree 3.51 mm, and multi-layer perceptron (MLP) 3.57 mm (R2

= 0.13).

To improve interpretability of model ranking, we additionally summarized the relative gain of the optimized SVR model

against representative alternatives (Table 1). Compared with the strongest competing ensemble models, SVR reduced MAE by

approximately 9.7–10.8%. Relative to the linear-model group, MAE reduction was approximately 13.8–14.6%, and larger

reductions were observed versus KNN (19.3%) and MLP (21.6%). In parallel, SVR provided absolute R2 gains of 0.075–0.245

over these comparison models. These effect-size summaries indicate that SVR delivered not only the best rank but also

practically meaningful error reduction under the current experimental setting.

Table 1. Relative performance gain of the optimized SVR model over representative alternatives.

Comparison model MAE (mm) MAE reduction vs SVR (%) ∆R2 vs SVR

AdaBoost 3.10 9.7 0.075

Random forest 3.14 10.8 0.085

Linear-model group† 3.25–3.28 13.8–14.6 0.075–0.085

KNN 3.47 19.3 0.235

MLP 3.57 21.6 0.245

Note: Optimized SVR performance: MAE = 2.80 mm, R2
= 0.375.

† Bayesian ridge, ridge, lasso, and ordinary linear regression models.

Figure 2. MAE comparison across 14 machine learning models to predict backfat thickness in Hanwoo cattle.
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Figure 3. R2 score comparison across 14 machine learning models to predict backfat thickness in Hanwoo cattle.

SVR Partial Dependence by Sex

Figure 4 shows the relationship between intramuscular fat score (fat number) and backfat thickness, stratified by sex, with

SVR-predicted values obtained by averaging all other input features at each fat-number level. A positive trend between fat

number and backfat thickness was observed in steers and cows/heifers (including hysterectomized heifers). In contrast, bulls

did not show a consistent directional trend across fat-number levels.

Discussion

To our knowledge, this is the first study to systematically compare 14 ML regression algorithms for predicting backfat thickness

in Hanwoo cattle using 10 carcass traits. The optimized SVR model achieved the best predictive performance (MAE ≈
2.80 mm; R2 ≈ 0.38), indicating that it effectively captured complex nonlinear relationships among carcass traits. This finding

is broadly consistent with recent livestock genomic prediction studies showing that nonparametric or kernel-based models can

be highly competitive for trait prediction in cattle populations15, 30, 42. In contrast, our results differ from some reports on body

weight prediction in cattle, where ensemble methods, particularly random forest, typically achieved the highest accuracy36. This

discrepancy highlights the importance of evaluating multiple algorithms within each specific application, as optimal modeling

strategies are highly context-dependent, influenced by target traits, data characteristics, and dataset size.

The comparable R2 values observed between ensemble methods (AdaBoost, R2
= 0.30; random forest, R2

= 0.29) and

regularized linear models (ridge, lasso, Bayesian ridge, R2 ≈ 0.29–0.30) suggest that most predictive relationships among

carcass traits and backfat thickness were largely linear, leaving limited potential for improvement through nonlinear ensemble

approaches under the current dataset size and feature structure. The higher prediction error of KNN (MAE = 3.47 mm) is

consistent with the known sensitivity of instance-based methods to high-dimensional feature spaces33. The low performance

of MLP (MAE = 3.57 mm, R2
= 0.13) and decision tree (MAE = 3.51 mm) likely reflects overfitting and instability under a

moderate sample size (N = 386), consistent with previous livestock prediction studies40.

The correlation analysis identified intramuscular fat score, sex, and quality grade as the most influential predictors of backfat

thickness. The positive association between marbling and subcutaneous fat accumulation is consistent with previous studies

in Hanwoo cattle, reflecting shared genetic and nutritional factors influencing lipid deposition1, 24. The sex-stratified partial

dependence analysis further showed that the positive fat number–backfat relationship was evident in steers and cows/heifers,
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Figure 4. Relationship between intramuscular fat score (fat number) and backfat thickness by sex, with SVR predictions.

Each blue point represents an individual observation of backfat thickness at a given fat number. The dashed line indicates the

empirical mean backfat thickness for each fat number level, providing a baseline reference.

while bulls showed inconsistent patterns, likely attributable to the small number of bull samples and the common practice of

early castration in Hanwoo production19. The negative correlation between quality grade and backfat thickness (r =−0.33)

indicates that cattle with superior quality grades tend to accumulate less subcutaneous fat, a pattern consistent with the grading

criteria applied in the Korean beef industry24.

Accurate prediction of backfat thickness offers significant benefits to livestock producers and breeders. Reliable predictive

frameworks, such as SVR, can support data-driven decisions on feeding management, optimal slaughter timing, and genetic

selection, thereby improving carcass yield, beef quality, and overall economic outcomes. Incorporating informative predictors

such as fat number into ML frameworks may further improve prediction of economically important carcass and beef-quality

traits38, 40.

The major strength of this study is the systematic comparison of diverse ML paradigms under consistent experimental

conditions. However, several limitations should be acknowledged. First, the moderate dataset size (N = 386) limited the

applicability of more complex models, such as deep neural networks (DNNs), and may reduce generalizability. Second,

although SVR was extensively tuned, other models underwent less intensive optimization; broader hyperparameter searches

across all models could alter relative performance rankings. Third, the exclusion of genomic and environmental covariates may

constrain external validity. Recent Hanwoo and Nellore studies suggest that expanding reference populations, targeted variable

selection, and multi-omics integration can improve prediction for growth and carcass-related traits13, 21, 31. Future studies

should therefore use larger multi-breed and multi-environment datasets and extend this framework to multi-trait prediction for

precision livestock management.

From a translational perspective, interpretability is important for practical adoption. Although the SVR model achieved the

best predictive performance in our study, practitioners often require explanations for why predicted backfat thickness increases

or decreases for specific animals before using model outputs to guide feeding strategies or selection decisions. Post hoc

explanation tools such as SHAP and LIME can provide complementary feature-level insights, particularly for assessing whether

influential predictors (for example, marbling-related scores, sex, and grading variables) act consistently across subgroups.

Integrating interpretability analyses with standard performance reporting may improve transparency and support deployment

in breeding and carcass-management workflows26, 35. Given the moderate sample size and the single-cohort nature of our

dataset, external validation on independent populations and periodic model recalibration will be important before routine

deployment17, 22, 23.

Our comparative results further suggest that, when sample size is constrained (e.g., N = 386), modestly complex but

well-regularized models may be preferable to highly flexible architectures. The relatively close performance of ensemble

methods and regularized linear models, together with the instability of MLP, is consistent with a bias-variance tradeoff in which

increasing model capacity does not necessarily improve generalization under limited data17. This consideration is common in

livestock datasets where phenotypes are costly to collect and covariates may be heterogeneous across institutions and production

environments.

From an implementation standpoint, SVR-based backfat predictions could be used as a screening tool to flag animals likely

to exceed economically desirable fat ranges prior to slaughter planning. These predictions may be further combined with

farm-level management factors, such as feeding regime and age-at-slaughter targets, to support decision-making in practice9.

However, model performance may shift when applied to different regions, management systems, or genetic subpopulations.

Future work should prioritize validation on independent cohorts and the development of larger multi-institutional datasets that
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integrate phenotypic, genomic, and management variables to strengthen generalizability and accelerate translation18.

Methods

Dataset and Pre-processing

We analyzed a total of 386 Hanwoo carcass records collected between January 1, 2007, and December 31, 2020, from Jeonbuk

National University and the National Institute of Animal Science, South Korea. The dataset comprised 37 bulls, 104 cows,

and 245 steers, representing the general composition of the Hanwoo beef industry. Only records with complete carcass trait

measurements were retained. Specifically, the inclusion criteria required the availability of backfat thickness (mm) and all

carcass-related features, while records containing duplicates, missing values, or inconsistent grading data were excluded to

ensure data integrity. Backfat thickness (mm) was used as the target variable, while ten carcass-related features were used

as the predictor variables: month (age in months at slaughter), fat number (intramuscular fat score; 1 = none/slight to 9

= abundant), color number (meat color; 1 = pale red to 7 = dark red), fat color (subcutaneous fat color; 1 = white to 7 =

yellowish), texture (meat texture; 1 = fine to 5 = coarse), maturity (physiological maturity; 1 = young to 9 = mature), grade score

(carcass quality grade; 0–4), aging days (days), Warner–Bratzler shear force (WBsf) (kg), and sex (categorical variable: bull,

steer, cow/heifer/hysterectomized heifer). To facilitate model computation and enhance interpretability, categorical variables

were numerically encoded before model training. For instance, the “sex” variable was encoded as: bull = 0, steer = 1, and

cow/heifer/hysterectomized heifer = 2. The descriptive statistics summarizing the distribution of each variable are presented in

Table 2.

Table 2. Descriptive statistics of Hanwoo carcass variables (N = 386).

Variables Count Mean Std Min Max

Backfat thickness (mm) 386 12.60 5.64 2.00 35.00

Month 386 36.45 15.78 18.00 120.00

Sex 386 1.17 0.58 0.00 2.00

Fat number 386 4.51 1.95 1.00 9.00

Color number 386 5.00 0.53 4.00 7.00

Fat color 386 3.04 0.35 2.00 6.00

Texture 386 1.39 0.55 1.00 4.00

Maturity 386 3.15 1.87 2.00 9.00

Grade score 386 1.22 0.82 0.00 3.00

Aging days 386 6.19 12.12 0.00 60.00

WBsf (kg) 386 3.23 0.86 1.24 6.86

Note: Month: age in months at slaughter; sex: bull = 0, steer = 1, cow/heifer = 2;

fat number: 1 = none/slight to 9 = abundant; color number: 1 = pale red to 7 = dark red;

fat color: 1 = white to 7 = yellowish; texture: 1 = fine to 5 = coarse; maturity: 1 = young

to 9 = mature; grade score: 0–4; WBsf: Warner–Bratzler shear force, kg.

Backfat thickness showed a mean of 12.60±5.64 mm, ranging from 2.00 mm to 35.00 mm. Additionally, the intramuscular

fat score averaged 4.51±1.95, meat color averaged 5.00±0.53, fat color grade averaged 3.04±0.35, texture score averaged

1.39±0.55, maturity averaged 3.15±1.87, quality grade averaged 1.22±0.82, aging days averaged 6.19±12.12 days, and

the WBsf averaged 3.23± 0.86 kg. To enable model development and performance assessment, the dataset was randomly

partitioned into a training set (80%, 309 instances) and a testing set (20%, 77 instances), ensuring a representative distribution

of all categorical and continuous features across both sets.

Model Selection

We evaluated 14 ML regression algorithms to predict backfat thickness: linear regression29, ridge regression16, lasso regres-

sion39, Bayesian ridge regression27, k-nearest neighbors (KNN)10, support vector regression (SVR)11, decision tree regression4,

random forest5, gradient boosting machine14, AdaBoost12, extreme gradient boosting (XGBoost)8, LightGBM20, CatBoost34,

and multi-layer perceptron (MLP)37. These models were selected because they represent widely used and well-established ML

algorithms covering diverse learning paradigms, including linear and regularized regression, kernel-based approaches, ensemble

methods, and neural networks. This enables a balanced and comprehensive comparison of model complexity, interpretability,

and predictive performance using moderate-sized livestock datasets.
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SVR Hyperparameter Tuning

The performance of ML algorithms is highly dependent on the appropriate selection of hyperparameters. Among the 14

ML models, SVR exhibited the highest predictive accuracy. Accordingly, a detailed hyperparameter optimization pro-

cedure was performed using an extensive grid search across several critical SVR parameters: kernel type (radial basis

function (RBF), polynomial, and sigmoid), regularization parameter C ∈ {0.1,1,10,100,1000}, kernel coefficient γ ∈
{scale,auto,0.001,0.01,0.1,1.0}, and polynomial degree ∈ {2,3,4} (polynomial kernel only). The best-performing

SVR model employed the Gaussian RBF kernel with optimized hyperparameters, achieving the lowest MAE of 2.7962.

Model Evaluation Metrics
Model performance was evaluated primarily using MAE, expressed in the same unit as backfat thickness (mm). MAE was

chosen because it directly measures the average magnitude of prediction errors without directional bias, providing an intuitive

and interpretable indication of model accuracy in carcass assessments7, 41. Moreover, MAE is less sensitive to extreme

deviations than mean squared error (MSE), making it a more robust indicator for datasets that may include biological or

measurement variability41.

In addition to MAE, the coefficient of determination (R2) was used as a complementary evaluation metric to assess each

model’s explanatory power. R2 quantifies the proportion of variance in backfat thickness explained by the model. While

MAE indicates absolute prediction accuracy, R2 provides insights into the overall fit of the model and its ability to capture

relationships among variables. A higher R2 value implies stronger predictive fidelity and a greater capacity to explain variability

in carcass traits, offering a balanced interpretation of model performance beyond mere error magnitude.

Statistical Analyses

Preliminary statistical analyses were performed to examine the relationships among carcass traits and to identify potential

sources of multicollinearity before model development. Specifically, Pearson’s correlation coefficients (r) were calculated to

quantify linear relationships between backfat thickness and each of the ten predictor variables. The statistical significance

of each correlation was assessed using p-values, with thresholds of p < 0.05, p < 0.01, and p < 0.001 indicating increasing

levels of significance. A correlation heatmap was generated to visualize the strength and direction of pairwise correlations, with

significance levels marked by asterisks (*, **, ***).

Model evaluation protocol and bias control
To ensure fair model comparison, all algorithms were trained and evaluated using the same predictor set, the same target

definition, and an identical train–test partition. Hyperparameter tuning was conducted using only the training data, and the

held-out test set was reserved for final performance reporting to reduce optimistic bias17, 22. Model performance was assessed

using both MAE and R2 to jointly capture absolute error magnitude and explained variance7, 41. In addition, subgroup-oriented

interpretation was conducted using sex-stratified partial dependence analysis to examine whether dominant predictor effects

were consistent across biologically relevant strata.
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