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This study investigated the factors influencing milk yield in dairy cattle, the determination of 

optimal combinations, and the predictive performance of machine learning (ML) models. A total of 

830 records collected in 2024 from a private dairy farm in Niğde, Turkey, were analyzed using 

breed, physiological status code, lactation number, age and days in milk as predictors. Statistical 

analyses confirmed that both breed and status code significantly affected milk yield (p < 0.05). 

Regression analysis indicated a positive effect of lactation number (β = 17.65, p < 0.001) and a 

negative effect of age (β = –0.80, p < 0.001). The highest yield (40.07 L/day) was recorded in 

Holstein Friesian cows with Cyclic status in the 3rd lactation. Six ML algorithms were compared 

using 5‑fold cross‑validation under two modelling scenarios designed to address multicollinearity 

between age and lactation number. Among the tested algorithms, Random Forest (R² ≈ 0.88, RMSE 

≈ 5.2 L) and Gradient Boosting (R² ≈ 0.88, RMSE ≈ 5.2 L) provided markedly better predictive 

accuracy than linear regression models. SHAP (SHapley Additive exPlanations) analysis enhanced 

model interpretability and identified days in milk, physiological status and lactation number as the 

most influential predictors, followed by age and breed. These findings highlight the importance of 

integrating physiological and genetic factors in herd management and demonstrate the potential of 

ensemble ML techniques as reliable decision-support tools for optimizing milk yield in dairy 

farming. 
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Introduction 

Milk production is one of the cornerstones of livestock 

farming, with a direct impact on food security, rural 

livelihoods, and national economies. In Turkey, where dairy 

farming plays a central role in rural development, optimizing 

milk yield remains critical for both farmer income and 

sustainable production (FAO, 2024; Yıldırım, 2024). 

Traditional statistical methods have long been used to 

explore the determinants of milk yield. Regression-based 

approaches such as Multivariate Adaptive Regression 

Splines (MARS) have proven effective in modeling 

nonlinear lactation patterns (Friedman, 1991; Eyduran et al., 

2019; Akın et al., 2020). In recent years, however, machine 

learning (ML) techniques have attracted increasing attention 

due to their ability to capture complex, nonlinear 

relationships more efficiently than classical approaches 

(Grzesiak & Zaborski, 2012; Ar & Şahinli, 2022). Ensemble 

algorithms such as Random Forest (Breiman, 2001) and 

Gradient Boosting (Friedman, 2001), as well as Support 

Vector Machines (Cortes & Vapnik, 1995), have shown 

promising results in predicting dairy cow performance 

(Gianola et al., 2013; Smola & Schölkopf, 2004). 

Milk yield is influenced by genetic, physiological, and 

environmental factors. Among these, breed and lactation 

stage are recognized as major determinants. Holstein 

Friesian cows have the greatest milk yield potential, whereas 

dual-purpose breeds such as Simmental show adaptability to 

varying conditions (Atashi et al., 2020; Şahin & Yılmaz, 

2018). Physiological status codes (e.g., Early, Cyclic, 

Pregnant) provide additional insight into reproductive cycles 

that shape milk yield fluctuations (Nguyen et al., 2020; 

Çanga & Boğa, 2022). Furthermore, lactation numbers 

generally enhance yield up to a certain point, while 

advancing age often reduces productivity (Hussain et al., 

2014; Zaborski et al., 2019). Environmental stressors such 

as heat stress and feeding regimes also play substantial roles 

(Paengkoum et al., 2021; Zhou et al., 2022). 

http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
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Despite abundant literature, there is still a need for 

comprehensive studies combining physiological status 

indicators with ensemble ML methods to improve the 

accuracy and interpretability of milk yield prediction. 

The objectives of this study are therefore to: 

• examine the contributions of breed, physiological 

status, age, lactation number, and milking days to milk 

yield, 

• evaluate the impact of multicollinearity among 

predictors (e.g., age–lactation relationships), 

• compare the predictive performance of traditional 

regression and advanced ML models, 

• apply SHAP-based interpretation to provide 

biologically meaningful insights for herd 

management. 

To this end, we analyzed records collected in 2024 from 

a private dairy farm in Niğde province, Turkey, using a 

combination of regression models and advanced ML 

algorithms including Random Forest, Gradient Boosting, 

and Support Vector Regression. 

 

Methods and Methods 

 

In this study, milk yield data from a private dairy farm 

located in Niğde province, Turkey, for the year 2024 were 

analyzed. The dataset originally consisted of 833 records; 

after removing 3 records with missing values, 830 

observations were included in the analysis. 

 

Animal Material 

The animal material comprised 830 dairy cows, 

primarily Holstein Friesian (HF, n = 639; 77.0%), 

Simmental (SIM, n = 188; 22.7%), and a small proportion 

of Holstein Red Factor (HRF, n = 3; 0.4%). The 

physiological and reproductive status of each cow was 

recorded using status codes in the herd management 

system. Cows were categorized by reproductive status 

codes (Pregnant, Inseminated, Cyclic, Dry, Early lactation, 

Open, Monitored, Lower, and Fresh), with detailed 

distributions provided in Table 1. 

Cow ages ranged from 13.3 to 157.7 months (mean ± 

SD = 42.8 ± 21.0 months). Lactation numbers ranged from 

0 to 9 (mean ± SD = 1.6 ± 1.3), and milking days ranged 

from 0 to 1231 days (mean ± SD = 171.0 ± 164.3 days). 

Daily mean milk yield ranged from 0 to 52.4 liters (mean 

± SD = 20.4 ± 15.3 liters). Statistical Analysis and Machine 

Learning Models 

Data analysis was conducted using Python (version 3.9) 

with the following libraries: pandas, numpy, scikit-learn, 

statsmodels, shap, and matplotlib. The analysis workflow 

consisted of the following steps: 

Data cleaning and preprocessing: Missing values were 

removed, and categorical variables (Breed, Status Code) 

were one-hot encoded. Continuous predictors were 

inspected for outliers and standardized where appropriate. 

Multicollinearity assessment: Variance Inflation Factor 

(VIF) was calculated to detect multicollinearity among 

predictors. This analysis revealed severe multicollinearity 

between Age (VIF = 33.7) and Lactation Number (VIF = 

20.7), with a Pearson correlation of r = 0.94 (p < 0.001), 

whereas the remaining predictors were within acceptable 

limits (Milking Days = 3.3; Breed = 1.2; Status Code = 

2.7). 

 

Model fitting and assumption checking 

Six machine learning algorithms were evaluated: 

Linear Regression, Ridge Regression, Lasso Regression, 

Random Forest, Gradient Boosting, and Support Vector 

Regression (SVR). For the linear models (Linear 

Regression, Ridge Regression and Lasso Regression), the 

standard assumptions of linear regression were examined. 

Linearity and homoscedasticity were evaluated by visual 

inspection of residuals-versus-fitted plots, and the 

normality of residuals was assessed using Q–Q plots. 

Independence of residuals was checked by inspecting 

residual patterns across observations, and influential 

outliers were screened using standardized residuals and 

leverage diagnostics. No serious violations were detected 

other than the multicollinearity between Age and Lactation 

Number, which was explicitly addressed through the two 

modelling scenarios described below. Tree-based 

ensemble models (Random Forest and Gradient Boosting) 

and SVR do not rely on normality and homoscedasticity 

assumptions in the same way as linear regression; 

nevertheless, the same set of standardized predictors was 

used, and extreme outliers were screened to ensure 

numerical stability and fair comparison across models.  

Cross-validation: 5-fold cross-validation was applied to 

ensure robust performance estimation and avoid 

overfitting. 

Performance metrics: Models were evaluated using 

Root Mean Squared Error (RMSE), Mean Absolute Error 

(MAE), Coefficient of Determination (R²), and Symmetric 

Mean Absolute Percentage Error (sMAPE). 

 

 

Table 1. Distribution of physiological status codes in the herd (N = 830) 

Status Code Count Percentage (%) 

Pregnant 179 21.49 

Inseminated 179 21.49 

Cyclic 163 19.57 

Pregnant 75 9.00 

Dry 52 6.24 

Early 31 3.72 

Open 31 3.72 

Monitored 30 3.60 

Lower 7 0.84 

Fresh 5 0.60 
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Model interpretability: SHAP (SHapley Additive 

exPlanations) values were computed for the best-

performing model (Random Forest) to quantify feature 

contributions to individual milk-yield predictions. 

Two modeling scenarios were tested to address 

multicollinearity between Age and Lactation Number: 

Scenario 1: Age excluded; predictors = Lactation 

Number, Milking Days, Breed, Status Code. 

Scenario 2: Age included; predictors = Lactation 

Number, Age, Milking Days, Breed, Status Code. 

 

Performance Metrics 

The following formulas were used to compute 

performance metrics: 

These error metrics were computed using the formulas 

outlined below: 

 

R2 = 1 −
∑ (yi−yî)

2n
i=1

∑ (yi−𝑦𝑖̅̅̅)
2n

i=1
    (1) 

 

RMSE= √
1

𝑛
∑ (𝑌𝑖 − 𝑌𝑖̂)

2𝑛
𝑖=1    (2) 

 

𝑀𝐴𝐸 =
1

𝑛
∑ (𝑌𝑖 − 𝑌𝑖̂)
𝑛
𝑖=1    (3) 

 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑌𝑖−𝑌𝑖̂

𝑌𝑖
|𝑛

𝑖=1 . 100   (4) 

 

 

 

Results  

 

Descriptive Statistics 

A total of 830 valid observations were analyzed. The 

daily mean milk yield ranged from 0.0 to 52.4 liters, with 

a mean of 20.39 ± 15.29 liters. The mean lactation number 

was 1.60, mean age 42.8 months, and average number of 

milking days 171 (Table 2). 

Breed distribution indicated that Holstein Friesian (HF) 

represented 78.8% of the dataset, followed by Simmental 

(20.8%) and Holstein Red Factor (0.4%) (Figure1a). . The 

physiological status of each cow was recorded and 

categorized into several "Status Codes" within the herd 

management system. Status codes: Pregnant, Inseminated, 

Cyclic, Dry, Early, Open, Lower, Fresh, and Monitored. 

The distribution of these codes in the dataset (N=830) was 

as follows:  

Pregnant (n=179, 21.5%; n=75, 9.0%), Inseminated 

(n=179, 21.5%), Cyclic (n=163, 19.6%), Dry (n=52, 

6.2%), Early (n=31, 3.7%), Open (n=31, 3.7%), Monitored 

(n=30, 3.6%), Lower (n=7, 0.8%), and Fresh (n=5, 0.6%) 

(Figure1b). 

 

Multicollinearity Assessment 

Variance Inflation Factor (VIF) analysis revealed 

severe multicollinearity between Age (VIF = 33.7) and 

Lactation Number (VIF = 20.7), with a Pearson correlation 

of r = 0.94 (p < 0.001). Other predictors were within 

acceptable limits (Milking Days = 3.3; Breed = 1.2; Status 

Code = 2.7). This confirms that age and lactation numbers 

convey largely redundant information, introducing 

instability into linear regression coefficients. 

Number carries highly redundant information, which 

may lead to unstable regression coefficients in linear 

models. 

 

Regression Analysis 

The results of the multiple linear regression analysis 

conducted to determine the quantitative effects of factors 

influencing milk yield are presented in Table 3. The model 

explains 31.8% of the variance (R² = 0.318). Lactation 

number positively affects milk yield (β = 17.65, p < 0.001), 

while age has a negative effect (β = -0.80, p < 0.001). 

Although the effect of milking days on milk yield is 

statistically significant, it is relatively small (β = 0.01, p = 

0.036). 

Determination of Optimal Combinations 

The optimal combinations that provided the highest 

milk yield according to breed, status code, and lactation 

number are presented in Table 4. The highest milk yield 

was observed in HF cows with the Cyclic status code in the 

3rd lactation (40.07 liters). This was followed by SIM cows 

with the Early status code in the 4th lactation (39.90 liters) 

and HF cows with the Cyclic status code in the 4th lactation 

(39.80 liters). 

 

Table 2. Descriptive statistics of the main variables 

Statistic Lactation Number Age (months) Milking Days Daily Mean Milk Yield (L) 

count 830 830 830 830 

Mean 1.60 42.80 170.96 20.39 

Std. Deviation 1.26 20.98 164.35 15.29 

Minimum 0.00 13.30 0.00 0.00 

25% 1 26.3 27.5 0 

50% 1 38.6 129.5 25.7 

75% 2 56.08 287 32.48 

Maximum 9.00 157.70 1231.00 52.40 

 

Table 3. Regression analysis results for milk yield 

Predictor Coefficient (β) Std. Error t-value p-value 95% Confidence Interval 

Constant 24.92 1.38 18.04 <0.001 [22.20, 27.63] 

Lactation Number 17.65 1.15 15.36 <0.001 [15.39, 19.90] 

Age (months) -0.80 0.08 -10.49 <0.001 [-0.94, -0.65] 

Milking Days 0.01 0.00 2.10 0.036 [0.00, 0.01] 
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Table 4. Optimal combinations providing the highest milk yield (Top 10) 

Rank Breed Status Code Lactation Number Daily Average Milk Yield (L) 

1 HF Cyclic 3.0 40.07 

2 SIM Early 4.0 39.90 

3 HF Cyclic 4.0 39.80 

4 SIM Cyclic 4.0 38.60 

5 HF Cyclic 2.0 37.31 

6 SIM Cyclic 2.0 36.02 

7 SIM Cyclic 3.0 34.67 

8 HF Early 3.0 34.28 

9 HF Open 2.0 33.13 

10 HF Cyclic 5.0 33.05 

 

Table 5a. Model performance under Scenario 1 (Age excluded) 

Model RMSE MAE R² sMAPE (%) 

Linear Regression 8.89 7.22 0.652 82.4 

Ridge Regression 8.88 7.25 0.653 82.5 

Lasso Regression 8.86 7.27 0.655 82.5 

Random Forest 5.29 3.41 0.875 19.5 

Gradient Boosting 5.13 3.35 0.884 75.7 

SVR 12.14 8.95 0.357 92.2 

 

Table 5b. Model performance under Scenario 2 (Age included) 

Model RMSE MAE R² sMAPE (%) 

Linear Regression 8.41 6.67 0.688 81.1 

Ridge Regression 8.40 6.69 0.689 81.1 

Lasso Regression 8.41 6.78 0.688 81.4 

Random Forest 5.19 3.31 0.880 20.3 

Gradient Boosting 5.21 3.47 0.879 75.9 

SVR 11.27 8.37 0.446 89.0 

 

 

 

Figure 1. Distribution of breed and physiological status in the herd. 
(a) Breed distribution: HF (Holstein Friesian), SIM (Simmental), and HRF (Holstein Red Factor). 

(b) Physiological status distribution: proportions of animals in early lactation, pregnant, and inseminated stages. 
 

Model Performance Comparison 

Six machine learning models were tested with 5-fold 

cross-validation under two scenarios: 

• Scenario 1: Age excluded (to mitigate 

collinearity). 

• Scenario 2: Age included (regularization 

applied). 

Table 5 presents the 5-fold cross-validation 

performance of six machine learning models under two 

scenarios. 

Random Forest and Gradient Boosting models 

demonstrated superior predictive performance compared to 

linear models, achieving R² values of approximately 0.88 

and RMSE values around 5.2 liters. The inclusion of Age 

(Scenario 2) slightly improved linear model performance 

(R² increased from 0.65 to 0.69) but had minimal impact 

on ensemble models. SVR showed the poorest 

performance (R² < 0.45), likely due to suboptimal 

hyperparameter tuning. 
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Figure 2. Mean absolute SHAP feature importance for 

Random Forest. 
Days in milk and physiological status dominate prediction, followed 

by lactation number, age, and breed 
 

Feature Importance and SHAP Analysis 

SHAP (SHapley Additive exPlanations) analysis was 

conducted on the Random Forest model to interpret feature 

contributions to milk yield predictions.  

Milking Days: The most influential predictor, with 

higher values generally associated with increased milk 

yield. However, cows in Dry status showed near-zero 

contributions. 

Status Code: Cyclic and Early lactation statuses were 

associated with positive SHAP values, while Dry and Fresh 

statuses contributed negatively. 

Lactation Number: Positive contributions were 

observed for lactations 3–4, with diminishing effects in 

higher lactations. 

Age: Older cows (>60 months) exhibited 

predominantly negative SHAP values, indicating reduced 

productivity with advancing age. 

Breed: Holstein Friesian cows showed slightly higher 

contributions compared to Simmental. 

These effects were biologically consistent with 

lactation physiology, and SHAP visualizations (Figures 2) 

confirmed the interpretability of RF outputs. 

 

Discussion  

 

The present study comprehensively evaluated the 

factors influencing milk yield in dairy cattle and compared 

the predictive performance of different machine learning 

(ML) algorithms. The revised analysis addressed 

methodological weaknesses from the original version, 

thereby enhancing both robustness and interpretability. 

 

Methodological Considerations 

Multicollinearity between Age and Lactation Number 

was confirmed as a major issue (r = 0.94; VIF > 20), which 

resulted in unstable coefficients in linear regression. 

Similar challenges have been reported in previous 

biometrical studies where age and parity capture 

overlapping biological information (Eyduran et al., 2017). 

Regularization techniques (Ridge, Lasso) partly alleviated 

the problem, but excluding Age yielded more interpretable 

results. The adoption of 5-fold cross-validation, instead of 

a single train–test split, further improved the reliability of 

estimates and reduced the risk of overfitting, particularly in 

ensemble models. Additionally, replacing MAPE with 

sMAPE avoided distortions caused by zero-yield 

observations in Dry and Fresh cows and provided a more 

realistic measure of accuracy. 

 

Effect of Breed 

Breed differences in daily milk yield were evident, with 

Holstein Friesian (HF) outperforming Simmental (SIM). 

This result is consistent with previous findings highlighting 

the superior genetic potential of Holsteins for milk yield 

(Atashi et al., 2020), whereas Simmental, although lower 

yielding, provides dual-purpose advantages in adaptability 

and beef production (Şahin & Yılmaz, 2018). Random 

Forest feature importance confirmed the relevance of breed 

as a predictive factor, aligned with Grzesiak et al. (2018). 

 

Effect of Physiological Status 

Physiological status was among the most influential 

determinants. Cows in Cyclic and Early statuses exhibited 

the highest yields, in agreement with the classical lactation 

curve that peaks in the first 4–8 weeks after calving and 

declines thereafter (Macciotta et al., 2011). Conversely, 

cows classified as Dry or Fresh expectedly showed 

negligible production. SHAP analysis further emphasized 

the predictive importance of these categories, highlighting 

their utility for practical herd monitoring and reproductive 

management (Nguyen et al., 2020) 

 

Effect of Lactation Number and Age 

The highest yields were recorded in the 3rd and 4th 

lactations, reflecting the stage were cows’ complete 

physiological maturity and mammary development. This 

finding accords with reports that milk yield typically peaks 

around the third lactation (Ray et al., 2019). In contrast, age 

showed an independent negative effect on yield, with 

advanced age associated with declining productivity, likely 

due to tissue wear and reduced metabolic resilience 

(Vijayakumar et al., 2017). SHAP interpretation likewise 

demonstrated negative contributions of age values 

exceeding 60 months. These results confirm that lactation 

number and age must be considered jointly in herd 

retention and culling decisions. 

 

Model Performance and Implications 

Among the tested algorithms, Random Forest and 

Gradient Boosting achieved the highest prediction 

accuracy (R² ≈ 0.88; RMSE ≈ 5.2 L), markedly 

outperforming linear methods. These models provided 

higher prediction accuracy compared to traditional 

regression models (Linear Regression, Ridge Regression, 

Lasso Regression). The high performance of Random 

Forest and Gradient Boosting models can be explained by 

the ability of these algorithms to model non-linear 

relationships and capture complex interactions. Similarly, 

Gianola et al. (2011) and Shahinfar et al. (2014) reported 

that ensemble learning algorithms such as Random Forest 

and Gradient Boosting show high performance in milk 

yield prediction. SVR showed the lowest performance, 

likely due to kernel misspecification and sensitivity to 

noise, underscoring the importance of algorithm selection 

and hyperparameter tuning. 
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The addition of SHAP improved model transparency, 

thereby overcoming a common criticism of ensemble ML 

as “black-box” methods. The interpretability provided not 

only statistical validation but also biological plausibility, 

confirming that the key predictors (milking days, 

reproductive status, parity, and age) are consistent with 

established lactation physiology. This integrative approach 

increases the reliability of ML-based decision support in 

dairy farming. 

 

Practical and Biological Relevance 

The identification of optimal combinations—such as 

Holstein cows in Cyclic status at the 3rd–4th lactation—

provides actionable guidance for herd strategies. However, 

management decisions must also account for trade-offs 

involving fertility, health, and longevity, as high-yielding 

cows are often more prone to reproductive disorders and 

metabolic stress (Walsh et al., 2011). 

 

Final Remarks 

Overall, the study demonstrates that ensemble ML 

models, particularly Random Forest supported by SHAP 

analysis, provide accurate and interpretable predictions for 

milk yield. These results reinforce the role of data-driven 

approaches in animal breeding, precision livestock 

farming, and herd decision support systems. Future 

research should incorporate cow identifiers to enable 

group-wise cross-validation, multi-farm external 

validation, and integration of additional genetic or 

physiological markers to further enhance predictive 

accuracy and practical utility. 

 

Conclusion  

 

In this study, factors affecting milk yield in dairy cattle 

were comprehensively analyzed, and the performance of 

different machine learning (ML) models was compared. 

The main results can be summarized as follows: 

• Breed effect: Holstein Friesian (HF) cows 

demonstrated significantly higher milk yields than 

Simmental (SIM), confirming their superior genetic 

potential for dairy production. 

• Physiological status: Status Code was a major 

determinant. The highest yields were observed in cows 

classified as Cyclic and Early lactation, while Dry and 

Fresh animals were near zero. 

• Lactation number: Yield increased with parity, 

peaking at the 3rd–4th lactations, before declining in 

later parities. 

• Age: Age exerted a negative effect on milk yield 

independent of lactation; cows older than 60 months 

showed markedly reduced productivity. 

• Optimal combination: The highest average yield (≈40 

L/day) was recorded in HF cows with Cyclic status in 

the 3rd lactation. 

• Model performance: Random Forest and Gradient 

Boosting achieved the best predictive accuracy (R² ≈ 

0.88, RMSE ≈ 5.2 L, sMAPE ≈ 20%), while linear 

models performed moderately and SVR performed 

poorly. 

• Model explainability: SHAP analysis confirmed that 

the most influential predictors were Milking Days, 

Status Code, and Lactation Number, followed by Age 

and Breed. These were biologically consistent with 

lactation physiology. 
 

Practical Implications 

• Herd composition and breed selection: For yield 

optimization, HF can be prioritized, though SIM 

may be advantageous in multi-purpose farming 

systems and harsher environments. 

• Lactation management: Retaining cows in the 

3rd–4th lactations and providing tailored 

nutritional support in these stages can maximize 

productivity. 

• Reproductive status management: Close 

monitoring and optimized feeding of cows in 

Early and Cyclic stages is essential, while Dry and 

Fresh cows should be managed strategically to 

minimize economic loss. 

• Age management: Given the negative age–yield 

relationship, culling and replacement decisions 

should balance yield decline against reproductive 

and health factors. 

• Decision support systems: Random Forest and 

Gradient Boosting can be incorporated into farm-

level prediction and management platforms to 

optimize decisions, supported by SHAP-based 

explainability. 

• Data-driven farming: Regular recording of breed, 

age, parity, reproductive status, and production 

traits should be institutionalized at the farm level 

to allow real-time predictive analysis. 
 

Limitations and Future Directions 

• Analyses were based on data from a single farm, 

limiting generalizability. Replication across 

multiple herds and environmental conditions will 

strengthen results. 

• Future research should integrate cow IDs to allow 

group-based cross-validation and reduce risk of 

overestimation due to repeated measures. 

• Milk quality traits (fat, protein, SCC) and 

genomic data should be incorporated for more 

comprehensive prediction models. 

• Comparative evaluation of other advanced 

models (e.g., XGBoost, LightGBM, deep 

learning) with external validation will provide 

further insights. 
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