
Machine Learning for Predicting Somatic Cell
Count in Holstein Cattle
Mostafa Ghaderi-Zefrehei 

Yasouj University
Effat Nasre Esfahani 

Payame Noor University
Morteza Jafaroghl 

Payame Noor University
Mahdi Talebian-Shahreza 

Isfahan University of Technology
Alireza Abdolmohammadi 

Razi University
Fatemeh Esmaeili 

Vahdat Isfahan Industrial Farmers and Livestock Breeders Cooperative
Saeid Ansari-Mahyari 

Isfahan University of Technology
Reza Reisi-Vanani 

Isfahan University of Technology

Research Article

Keywords: Somatic cell count, Machine learning, Bayesian Neural Network, Random Forest, Dairy cattle

Posted Date: October 19th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11210373/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11210373/v1
https://doi.org/10.21203/rs.3.rs-11210373/v1
https://doi.org/10.21203/rs.3.rs-11210373/v1
https://creativecommons.org/licenses/by/4.0/


Machine Learning for Predicting Somatic Cell Count in Holstein Cattle 1 

 2 

Mostafa Ghaderi-Zefrehei1, Effat Nasre Esfahani2, Morteza Jafaroghl2, Mahdi Talebian-3 

Shahreza4, Alireza Abdolmohammadi3, Fatemeh Esmaeili5, Saeid Ansari-Mahyari4*, Reza 4 

Reisi-Vanani4 
5 

 6 

1
 Department of Animal Sciences, Faculty of Agriculture, Yasouj University, Yasouj, Iran 7 

2
 Department of Agriculture, Payame Noor University, Tehran, Iran 8 

3 Department of Animal Science, Faculty of Agriculture, Razi University, Kermanshah, Iran 9 

4 Department of Animal Science, Faculty of Agriculture, Isfahan University of Technology, 10 

Isfahan, Iran 11 

5 Vahdat Isfahan Industrial Farmers and Livestock Breeders Cooperative, Isfahan, Iran 12 

Corresponding Authors: 13 

 Mostafa Ghaderi-Zefrehei 14 

P. O. Box: 75914, Fax: +98 741 222 4840, Tel: +98 741 222 4840, 15 

Email: Mosmos741@yahoo.com, mghaderi@yu.ac.ir 16 

Saeid Ansari-Mahyari 
17 

Email: s.ansari@cc.iut.ac.ir 18 

ORCID: 19 

Effat Nasre Esfahani: 0000-0002-5445-4759 20 

Alireza Abdolmohammadi: 0000-0002-9785-2255 21 

Mahdi Talebian-Shahreza: 0009-0008-3117-5985 22 

Saeid Ansari-Mahyari: 0000-0003-1115-5043 23 

Reza Reisi-Vanani: 0009-0005-5218-4109 24 



Abstract 25 

Somatic cell count (SCC) is a key indicator of udder health and milk quality in dairy cattle, but 26 

predicting it from routinely recorded data is difficult because SCC is highly skewed and 27 

depends on production, reproductive, and management factors that interact with one another. 28 

Seven modeling approaches were evaluated for predicting natural log-transformed SCC 29 

(LSCC) in Holstein cows using data from a commercial dairy herd. The approaches included 30 

Multiple Regression (MR) and Generalized Linear Model (GLM) as linear benchmark 31 

methods, a Support Vector Machine (SVM) using a Radial Basis Function kernel, and four 32 

nonlinear methods, including Bayesian Neural Network (BNN), Random Forest (RF), Chi-33 

squared Automatic Interaction Detection (CHAID), and Classification and Regression Tree 34 

(C&R Tree). After multivariate outlier removal, 9,915 records were retained and stratified into 35 

five lactation groups, and models were developed using on-farm data. Nonlinear models 36 

generally showed higher testing correlations and lower relative errors than MR, GLM, and 37 

SVM. The best-performing models achieved testing correlations of approximately 0.62 to 0.70 38 

across the first four lactation groups, whereas predictive performance declined in cows with 39 

more than four lactations. BNN and RF showed broadly comparable predictive performance 40 

across lactation groups. Average protein, milk, and fat yields were among the most influential 41 

predictors of LSCC in both models, with average milk yield becoming the most important 42 

predictor in cows with more than four lactations. Overall, nonlinear models, particularly BNN 43 

and RF, provided better prediction of LSCC from routinely recorded data than the conventional 44 

approaches, although prediction accuracy decreased in later lactations. 45 

Keywords: Somatic cell count; Machine learning; Bayesian Neural Network; Random Forest; 46 

Dairy cattle 47 



1. Introduction 48 

Somatic cell count (SCC) remains among the most widely used indicators of udder health and 49 

milk quality in dairy cattle. Elevated SCC reflects mammary inflammation and intramammary 50 

infection, and it is associated with reduced milk yield and economic losses at the herd level [1, 51 

2]. Because SCC is typically measured only periodically through milk recording rather than 52 

monitored continuously, there has been growing interest in using routinely collected cow-level 53 

information to fill the gaps between sampling occasions. Predicting SCC from production and 54 

management variables that are already recorded on farms could complement conventional 55 

testing and help flag cows that warrant closer attention. The growing volume of production, 56 

reproductive, management, and sensor data generated on dairy farms has opened new 57 

possibilities for predictive modeling. Machine-learning (ML) methods have already been 58 

applied to several dairy health and production problems, from mastitis detection to reproductive 59 

performance and the prediction of economically important traits. Goyacheet al. [3], for 60 

instance, used ML techniques together with routinely available herd and cow records to identify 61 

cows with persistently elevated SCC and support udder health management decisions. Bobboet 62 

al. [4] compared eight ML methods for predicting subsequent udder health status and found 63 

that Neural Network, Random Forest, and linear models performed comparably well when 64 

udder health was defined using an SCC threshold of 200,000 cells/mL and previous test-day 65 

cow and milk records were used as predictors. Similarly, Ebrahimiet al. [5] found that deep 66 

learning and gradient-boosted tree models outperformed several other machine-learning 67 

approaches for predicting subclinical mastitis. More recently, Pakrashiet al. [6] showed that 68 

ML models incorporating cow-level production, milk composition, parity, and mastitis-history 69 

variables could predict subclinical mastitis up to 7 d before its occurrence. Together, these 70 

studies demonstrate the potential of ML to extract predictive signal from data dairies already 71 



collect, although most have targeted classification of mastitis-related events rather than 72 

prediction of SCC as a continuous trait. 73 

This distinction matters because SCC is not simply a binary marker of disease status. Sorting 74 

cows into healthy and diseased categories around a fixed threshold discards information 75 

contained in the actual magnitude of SCC. Anglartet al. [7] addressed this directly by 76 

comparing generalized additive models, Random Forest, and multilayer perceptron models for 77 

predicting cow composite SCC from routinely recorded quarter-level milking data. They found 78 

that continuous SCC could be predicted from variables such as milk flow and conductivity, and 79 

highlighted the value of predicted SCC between routine sampling dates for udder-health 80 

management. These studies differ considerably in how the outcome is defined, which 81 

predictors are used, and how models are validated, which makes it difficult to compare 82 

approaches directly across the existing literature. Despite this expanding literature, 83 

comparative evaluation of different modeling approaches for predicting continuous SCC from 84 

routinely recorded production, reproductive, and management traits, while accounting for 85 

lactation group, remains limited. Most studies have instead framed the outcome as a 86 

classification problem or relied on detailed sensor-derived milking variables, as shown by 87 

Bobboet al. [4] and Anglartet al. [7], respectively. Likewise, Thompsonet al. [8] used lifetime 88 

milk-recording data from over 100 commercial herds to predict elevated composite SCC status 89 

after calving, treating SCC as a binary rather than continuous outcome. Whether routinely 90 

recorded production and reproductive information can effectively predict the natural logarithm 91 

of SCC (LSCC), and whether different ML approaches provide consistent advantages across 92 

lactation groups, therefore remains unclear. This question is also practically relevant because 93 

routinely recorded variables could be incorporated into existing herd-recording systems 94 

without additional sensor infrastructure or specialized measurements.  95 



Accordingly, this study compared the predictive performance of Support Vector Machine 96 

(SVM), Multiple Regression (MR), Generalized Linear Model (GLM), Bayesian Neural 97 

Network (BNN), Random Forest (RF), Chi-squared Automatic Interaction Detection 98 

(CHAID), and Classification and Regression Tree (C&R Tree) for predicting LSCC in Holstein 99 

dairy cows using on-farm data. Models were fitted separately across five lactation groups to 100 

account for potential parity-related differences, while BNN architecture and predictor 101 

importance were also evaluated across models and lactation groups. 102 

 103 

2. Material and Methods 104 

2.1. Dataset 105 

Data were obtained from the FOKA Holstein dairy herd (Isfahan, Iran), previously described 106 

by Ghaderi-Zefreheiet al. [9]. It comprised 13 production, reproductive, and management 107 

records for Holstein dairy cows, including days in milk (DIM), age at first calving (AFC), 108 

calving interval (CI), dry period length (DP), days from calving to first service (CTFS), 109 

gestation length (GL), days open (DO), days from first service to conception (FSTC), milk 110 

yield, fat yield, protein yield, somatic cell count (SCC), and lactation number. All data 111 

preprocessing and statistical analyses were performed using R version 4.1 [10]. Multivariate 112 

outliers were identified using the pcout() function in the mvoutlier package, which 113 

implements the PCOut method of Filzmoseret al. [11] for robust outlier identification in high-114 

dimensional data. This method computes semi-robust principal components from sphered data 115 

and combines robust estimates of location and scatter to assign an outlier weight to each 116 

observation. Three production-derived variables were created to better describe lactation 117 

performance, including average milk yield (MY, kg), average fat yield (FY, kg), and average 118 

protein yield (PY, kg). Each variable was calculated by averaging cumulative production 119 

records and their corresponding test-day measurements to capture both overall production 120 



potential and performance during the current lactation. Following preprocessing, records were 121 

stratified into five lactation groups (1, 2, 3, 4, and >4). Separate prediction models were 122 

developed for each lactation group to account for parity-related biological differences. Because 123 

SCC was positively skewed, it was natural log-transformed prior to analysis: 124 

𝐿𝑆𝐶𝐶 =  ݈݊(𝑆𝐶𝐶) (1) 125 

where LSCC is the log-transformed of SCC. LSCC was used as the response variable in all 126 

subsequent analyses. Descriptive statistics for all predictor variables and LSCC are presented 127 

in Table 1. 128 

2.2. Machine Learning Models 129 

Within each lactation group, records were randomly partitioned into training (75%) and testing 130 

(25%) subsets using a fixed random seed to ensure reproducibility. The same partitioning 131 

strategy was applied to all models to enable a fair comparison of predictive performance. 132 

LSCC was predicted using Support Vector Machine (SVM), Multiple Regression (MR), 133 

Bayesian Neural Network (BNN), Random Forest (RF), Generalized Linear Model (GLM), 134 

Chi-squared Automatic Interaction Detection (CHAID), and Classification and Regression 135 

Tree (C&R Tree) models. BNN and RF were implemented in R using the brnn and 136 

randomForest packages, respectively. The BNN models used Bayesian regularization to 137 

control model complexity [12], and models with two to five hidden neurons were fitted for 138 

each lactation group to evaluate the effect of network architecture on predictive performance. 139 

SVM models employed the Radial Basis Function (RBF) kernel, whereas GLMs assumed a 140 

Gaussian distribution with an identity link function. CHAID and C&R Tree models were 141 

developed using IBM SPSS Modeler. Mathematical formulations and key properties of the 142 

seven modeling approaches are summarized in Table 2. 143 

2.3. Model Evaluation 144 



Predictive performance was evaluated for both the training and testing subsets using four 145 

complementary metrics, including Residual Sum of Squares (RSS), Root Mean Square Error 146 

(RMSE), the Pearson correlation coefficient (r), and Relative Error (RE), calculated as: 147 

ܴ𝑆𝑆 =  ∑ ( ௜ܻ  −  ܻ̂௜)2௡௜=1  (3) 148 

= ܧ𝑆ܯܴ  √∑ (௒೔ − ௒̂೔)2೙೔=1 ௡  (4) 149 

= ݎ  ∑ (௒೔ − ௒̄)(௒̂೔ − ௒̄̂)೙೔=1√∑ (௒೔ − ௒̄)2೙೔=1 √∑ (௒̂೔ − ௒̄̂)2೙೔=1  (5) 150 

= ܧܴ  1೙ ∑ |௒೔ − ௒̂೔|೙೔=11೙ ∑ |௒೔|೙೔=1  (6) 151 

where ௜ܻ and ܻ̂௜ are the observed and predicted log-transformed somatic cell count (LSCC) for 152 

the ith observation, respectively; ܻ̄ and ܻ̄̂ are the means of the observed and predicted values, 153 

respectively; and n is the total number of observations. Lower values of RSS, RMSE, and RE 154 

indicate better predictive accuracy, whereas higher Pearson correlation coefficients (r) indicate 155 

stronger agreement between observed and predicted LSCC values. 156 

3. Results 157 

3.1. Descriptive Statistics 158 

The descriptive statistics of all variables across the five lactation groups are presented in Table 159 

1. After data cleaning and multivariate outlier detection, a total of 9,915 records were retained 160 

for analysis and subsequently classified into first, second, third, fourth, and greater than fourth 161 

lactation groups. The number of observations decreased progressively with increasing lactation 162 

number, from 4,147 records in the first lactation to 338 records in cows with more than four 163 

lactations. As expected, the average age at first calving increased steadily across successive 164 

lactations, reflecting the aging structure of the herd. Milk production traits also varied among 165 



lactation groups. Average milk yield generally increased from 10,882.32 kg in first-lactation 166 

cows to 11,740.47 kg in cows with more than four lactations. Similar increasing trends were 167 

observed for average fat yield and average protein yield, indicating greater production capacity 168 

in mature cows. Reproductive and management variables showed moderate variation among 169 

lactations. Mean calving interval ranged from 373.28 to 393.08 days, while average dry period 170 

length remained relatively stable, varying between 53.71 and 57.69 days. Likewise, gestation 171 

length exhibited minimal variation across lactation groups, averaging approximately 278 days. 172 

Log-transformed somatic cell count (LSCC) generally increased from first to fourth lactation, 173 

with mean values of 5.00, 5.63, 5.84, and 5.96, respectively, before slightly decreasing to 5.74 174 

in cows with more than four lactations. This trend suggests that udder health challenges 175 

generally increase with advancing parity, although the slight decline observed in the oldest 176 

cows may be due to the substantially smaller sample size in this group. 177 

3.2. Comparison of Model Performance across Lactation Groups 178 

Among the evaluated machine learning algorithms, the Bayesian Neural Network (BNN), Chi-179 

squared Automatic Interaction Detection (CHAID), and Classification and Regression (C&R) 180 

Tree models generally achieved higher predictive accuracy, as measured by the Pearson 181 

correlation coefficient (r) and relative error (RE), than the Support Vector Machine (SVM), 182 

Multiple Regression (MR), and Generalized Linear Model (GLM) across all lactation groups 183 

(Table 3). 184 

In the first lactation, the BNN produced the highest testing correlation (r = 0.6994) together 185 

with the lowest testing relative error (RE = 0.5137), indicating superior predictive performance. 186 

CHAID and C&R Tree also showed competitive performance, with testing correlations of 187 

0.6579 and 0.6676, respectively. In contrast, the SVM, MR, and GLM models achieved lower 188 

testing correlations ranging from 0.5936 to 0.6150. A similar trend was observed in the second 189 



and third lactations. The BNN consistently maintained the highest testing correlations (r = 190 

0.6300 and 0.6176, respectively), whereas CHAID and C&R Tree provided comparable 191 

performance. SVM, MR, and GLM exhibited relatively lower predictive ability throughout 192 

these lactation groups. Model performance declined progressively with increasing lactation 193 

number. During the fourth lactation, testing correlations ranged from 0.4663 for SVM to 0.6101 194 

for C&R Tree, while relative errors increased across all models. In cows with more than four 195 

lactations, predictive performance further decreased, with testing correlations ranging from 196 

0.4508 to 0.5090 and relative errors exceeding 0.77 for most models. Across all lactation 197 

groups, CHAID and C&R Tree generally maintained higher predictive accuracy than SVM, 198 

MR, and GLM, particularly in later lactations. The BNN consistently achieved the highest or 199 

near-highest prediction accuracy during the first three lactations, whereas C&R Tree showed 200 

comparatively better performance in cows with four or more lactations. Figure 1 compares the 201 

predictive performance of the evaluated machine learning models using r in the training dataset 202 

across different lactation groups. Overall, CHAID and C&R Tree together with the BNN 203 

achieved the highest correlation values, whereas SVM, MR, and GLM showed comparatively 204 

lower predictive performance. The highest correlations were generally observed during the first 205 

and second lactations, while predictive performance gradually declined in later lactations, 206 

particularly after the fourth lactation. This reduction is likely associated with the smaller 207 

sample size and greater biological variability among older cows. Although all models exhibited 208 

reduced accuracy in advanced lactations, the nonlinear methods maintained relatively higher 209 

correlation values, indicating greater robustness when modeling complex relationships within 210 

heterogeneous dairy production data. 211 

Figure 2 presents the predictive performance of the evaluated models on the independent 212 

testing dataset. Similar to the training results, CHAID, C&R Tree, and the BNN consistently 213 

produced the highest correlation coefficients across most lactation groups, demonstrating good 214 



generalization ability. A moderate reduction in correlation from the training to testing datasets 215 

was observed for all models, indicating the expected decrease in predictive accuracy when 216 

evaluated on unseen data. Predictive performance also declined with increasing lactation 217 

number, particularly in cows with more than four lactations, where greater biological 218 

variability and fewer observations likely limited model performance. 219 

Figure 3 compares model performance using RE in the training dataset. Lower RE values 220 

indicate better predictive accuracy. Across most lactation groups, the BNN, CHAID, and C&R 221 

Tree achieved the lowest relative errors, whereas SVM, MR, and GLM generally produced 222 

larger prediction errors. RE tended to increase as lactation number increased, reflecting the 223 

greater difficulty of accurately predicting LSCC in older cows. Nevertheless, the nonlinear 224 

methods consistently achieved lower prediction errors than the other approaches, indicating 225 

their greater capacity to capture complex nonlinear relationships among production and 226 

management variables. 227 

Figure 4 illustrates RE of the evaluated models on the testing dataset. The overall pattern 228 

broadly resembled that observed during training, with BNN, CHAID, and C&R Tree tending 229 

to produce lower prediction errors than SVM, MR, and GLM, although which of the three 230 

performed best varied by lactation group. CHAID’s testing RE was comparatively high in the 231 

third lactation, and BNN’s was comparatively high in the fourth. The training-to-testing 232 

increase in RE was modest for most models but was more pronounced for C&R Tree in cows 233 

with more than four lactations (RE = 0.50 in training versus 0.81 in testing), consistent with a 234 

greater risk of overfitting for this model in the smallest sample group. Prediction accuracy 235 

declined noticeably in cows with more than four lactations, likely because of reduced sample 236 

size and increased biological heterogeneity. Collectively, the results from Figures 1–4 237 

demonstrate that BNN, CHAID, and C&R Tree generally provided more accurate prediction 238 

of LSCC than SVM, MR, and GLM across the different lactation groups. 239 



3.3. Bayesian Neural Network Performance 240 

The predictive performance of BNN models was evaluated using architectures containing two 241 

to five hidden neurons (Table 4). Model performance was assessed using r and RMSE for both 242 

the training and testing datasets. For the first lactation, predictive accuracy improved as the 243 

number of hidden neurons increased from two to five. The five-neuron architecture achieved 244 

the highest training correlation (r = 0.7026) and the lowest training RMSE (1.8006), while the 245 

corresponding testing performance remained stable (r = 0.6547; RMSE = 1.8933). A similar 246 

pattern was observed during the second lactation, where the four-neuron architecture produced 247 

the highest testing correlation (r = 0.6548) with a testing RMSE of 1.9193. Increasing the 248 

number of neurons beyond four did not further improve predictive performance. For the third 249 

and fourth lactations, model accuracy also increased with network complexity. In the third 250 

lactation, the five-neuron model achieved the highest testing correlation (r = 0.6248) and the 251 

lowest testing RMSE (1.9166). Likewise, the highest training correlation in the fourth lactation 252 

(r = 0.6769) was obtained using five hidden neurons, although the three-neuron model 253 

produced the highest testing correlation (r = 0.6774). In contrast, model performance remained 254 

relatively unchanged in cows with more than four lactations. Testing correlations ranged from 255 

0.5904 to 0.5939 across all network architectures, while RMSE values varied only marginally, 256 

indicating little influence of additional hidden neurons on predictive accuracy for this lactation 257 

group. 258 

3.4. Random Forest Performance 259 

The predictive performance of the Random Forest model across the five lactation groups is 260 

presented in Table 5. The highest training correlation was observed during the first lactation (r 261 

= 0.6796, RMSE = 1.8585), together with a testing correlation of 0.6593 (RMSE = 1.8885). 262 

The highest testing correlation, however, was observed during the second lactation (r = 0.6746), 263 



despite a lower training correlation (r = 0.6438) than in the first lactation. Model performance 264 

remained relatively stable during the third and fourth lactations. Testing correlations were 265 

0.6153 and 0.6614, respectively, while testing RMSE values ranged between 1.8558 and 266 

1.9254. The lowest predictive performance was observed in cows with more than four 267 

lactations. The training correlation decreased to 0.4532, although the testing correlation 268 

remained at 0.5732. RMSE values also increased compared with earlier lactation groups, 269 

indicating reduced prediction accuracy in this subset. 270 

3.5. Variable Importance Analysis 271 

Table 6 summarizes the relative importance of predictor variables estimated by the Random 272 

Forest model using both the percentage increase in mean squared error (%IncMSE) and 273 

increase in node purity (IncNodePurity). Across all lactation groups, PY, MY, and FY were 274 

consistently identified as the most influential predictors of LSCC. Among these variables, PY 275 

exhibited the highest importance across nearly all lactation groups according to both 276 

importance measures. Among the remaining predictors, AFC and DP showed relatively high 277 

importance during the first and second lactations, whereas their contribution gradually declined 278 

in later lactations. Variables associated with reproductive performance, including CTFS, DO, 279 

CI, and FSTC, exhibited moderate importance throughout the study. 280 

Table 7 presents the variable importance obtained from the BNN model. Similar to the Random 281 

Forest results, PY, MY, and FY consistently ranked as the three most influential predictors of 282 

LSCC across all lactation groups. Among these variables, PY showed the highest relative 283 

importance, particularly during the first lactation, indicating that protein production was the 284 

strongest contributor to model predictions. The importance of DP increased from the first to 285 

the third lactation before declining in later lactations, suggesting that its influence on LSCC 286 

may vary with parity. AFC was relatively important during early lactations but became less 287 



influential in older cows. Several predictors exhibited very low or slightly negative %IncMSE 288 

values in cows with more than four lactations, which is likely attributable to the limited number 289 

of observations and increased variability within this group rather than a true lack of biological 290 

relevance. 291 

3.6. Comparative Performance of BNN and RF 292 

Table 8 summarizes the predictive performance of the BNN and RF models across lactation 293 

groups. RF showed slightly higher testing correlations in the first two lactations, whereas BNN 294 

showed marginally higher testing correlations in the third, fourth, and greater-than-fourth 295 

lactation groups. The differences between the two models were generally small, indicating no 296 

consistent predictive advantage of either model across all lactation groups. Table 9 presents the 297 

variable importance estimated by the BNN and RF across different lactation groups. In both 298 

models, PY, MY, and FY consistently ranked among the most influential predictors according 299 

to both %IncMSE and IncNodePurity. Production-related variables generally exhibited higher 300 

importance than reproductive and management traits across all lactation groups. The 301 

importance of several predictors decreased in cows with more than four lactations, whereas 302 

moderate variation in the ranking of secondary predictors was observed between the two 303 

machine learning algorithms. 304 

Discussion 305 

4.1. Model Performance and BNN 306 

Across the five lactation groups, BNN, CHAID, and C&R Tree, the three most flexible 307 

algorithms in the general model comparison, produced higher testing correlations and lower 308 

testing relative errors than SVM, MR, and GLM (Table 3; Figures 1 to 4). The gap was clearest 309 

in the first lactation, where BNN reached a testing correlation of 0.70, compared with 310 



approximately 0.59 to 0.61 for MR and GLM, and a similar pattern was observed in the second 311 

and third lactations. RF, evaluated separately from the general model comparison, showed a 312 

similar pattern, with testing correlations exceeding those of SVM, MR, and GLM across the 313 

lactation groups and performance comparable to CHAID and C&R Tree in several groups 314 

(Table 5). Depending on lactation group, the gap in testing correlation between the best-315 

performing flexible model and the best-performing of the remaining three methods ranged from 316 

about 0.04 to 0.15. The relatively better performance of the more flexible models may be 317 

related to the complex and heterogeneous nature of the factors associated with SCC. Somatic 318 

cell count is influenced by stage of lactation, parity, milk production, udder health, and 319 

management conditions, and the relationships among these factors are not necessarily constant 320 

across cows or stages of lactation. In particular, the association between SCC and milk 321 

production has been shown to vary with parity and stage of lactation, suggesting that a single 322 

linear relationship may not fully capture the complex relationship between SCC and 323 

production-related variables [13, 14]. This type of structure may favor algorithms that can 324 

accommodate nonlinear relationships and interactions among predictors. In contrast, MR and 325 

the Gaussian-identity GLM used in the present study impose a more restricted functional form 326 

unless nonlinear terms or interactions are explicitly incorporated, whereas BNN and tree-based 327 

approaches can learn more complex relationships directly from the predictor space. SVM was 328 

implemented here with a Radial Basis Function kernel (Section 2.2) and is therefore not a linear 329 

method in a strict methodological sense; its empirical performance nonetheless tracked MR 330 

and GLM more closely than the tree- and network-based methods in the present comparison, 331 

which may reflect the specific kernel and hyperparameter settings used here rather than a 332 

general limitation of kernel-based methods. Previous research in dairy cattle provides support 333 

for the potential value of flexible prediction methods for udder-health-related traits. Gianolaet 334 

al. [15] demonstrated that Bayesian neural networks could capture nonlinear relationships in 335 



dairy cattle quantitative traits and showed that predictive performance and effective model 336 

complexity varied across network architectures and according to the predictor information 337 

used. Nørstebøet al. [16] showed that variation in online SCC was associated with lactation 338 

stage, parity, milk yield, previous-milking SCC, conductivity, season, intramammary infection 339 

status, and genetic lineage, although individual factors explained only a small proportion of the 340 

total variation. Xuet al. [17] found that ML models could use routinely recorded cow-level 341 

production and management variables to predict metabolic status in dairy cows, with the 342 

importance of production-related predictors varying across lactation weeks. These findings, 343 

together with the present results, suggest that flexible algorithms may be advantageous when 344 

predicting SCC-related traits because they can accommodate complex relationships among 345 

routinely recorded variables. Nevertheless, the moderate testing correlations observed in the 346 

present study indicate that these variables explain only part of the variation in LSCC, and that 347 

additional information related to udder health, environment, management, or previous disease 348 

history may be required to achieve substantially higher predictive accuracy. The single BNN 349 

configuration reported in Table 3 performed less consistently across lactation groups than 350 

CHAID, C&R Tree, and RF. Its testing correlation declined steadily with increasing lactation 351 

number, from 0.70 in the first lactation to 0.51 in the fourth and 0.48 in cows with more than 352 

four lactations. This configuration was the lowest of any nonlinear method in the fourth 353 

lactation, although CHAID’s testing correlation (0.47) was slightly lower in cows with more 354 

than four lactations. Exploring BNN architectures with two to five hidden neurons (Table 4) 355 

showed that predictive performance varied across lactation groups and network architectures. 356 

The final BNN architecture for each lactation group was selected using the predefined 357 

validation procedure, and the selected models were subsequently evaluated on the independent 358 

testing dataset (Table 8). With the best-performing architectures, BNN's testing correlation in 359 

the fourth lactation reached 0.68 with three hidden neurons (RMSE = 1.81), while it reached 360 



0.59 with four hidden neurons in cows with more than four lactations (RMSE = 1.85), 361 

improvements of roughly 0.10 to 0.17 correlation points over the single configuration 362 

summarized in Table 3. BNN and RF produced almost equivalent testing accuracy in every 363 

lactation group (Tables 4, 5, and 8). RF held a modest edge in the first two lactations (testing r 364 

of 0.66 and 0.67 versus 0.65 for the best BNN configuration), while the BNN was marginally 365 

ahead in the third, fourth, and oldest parity groups. These differences, on the order of 0.01 to 366 

0.02 in testing correlation, are small relative to the differences between these models and the 367 

conventional regression approaches evaluated in Table 3. In the present study, the first-368 

lactation group contained substantially more training records than the group with more than 369 

four lactations, which may have contributed to the different BNN performance observed across 370 

lactation groups. RF, by contrast, uses an ensemble of decision trees and does not require the 371 

same hidden-layer architecture selection as BNN, which may have contributed to its more 372 

consistent performance across lactation groups (Table 5). These results indicate that RF 373 

provided a relatively consistent alternative across lactation groups, whereas BNN performance 374 

depended more strongly on the selected network architecture. 375 

4.2. Variation in Model Performance across Lactations 376 

Regardless of the algorithm applied, predictive accuracy was highest in the first three lactations 377 

and lowest in cows with more than four lactations (Tables 3, 4, and 5). Because a similar decline 378 

was observed across the evaluated algorithms, the pattern appears to be related to differences 379 

among lactation groups rather than to the behavior of a single modeling approach. The most 380 

direct explanation is sample size. After outlier removal, 4,147 records were available for first-381 

lactation cows but only 338 for cows with more than four lactations, and the training sets used 382 

for the machine learning models were smaller by the same proportion, down to roughly 250 383 

records for the oldest parity group. The smaller number of training records in the highest 384 

lactation group provided less information for estimating the relationships between the 385 



predictors and LSCC, which may have contributed to the lower predictive performance 386 

observed in this group. The variation in model performance across lactation groups may partly 387 

reflect biological differences associated with parity and lactation history. Hagnestam-Nielsenet 388 

al. [13] showed that multiparous cows had a geometric mean SCC approximately 73% higher 389 

than primiparous cows (95,000 vs. 55,000 cells/mL) and that the effect of SCC on milk yield 390 

varied with parity, indicating that the relationship between SCC and production changes across 391 

lactations. Laevenset al. [18], however, found that parity, stage of lactation, and their 392 

interaction were not significant determinants of SCC among bacteriologically negative cows, 393 

whereas these effects became significant when infected cows were included. This suggests that 394 

some of the variation in SCC across parity and lactation stage may be attributable to differences 395 

in infection status and associated inflammatory responses. Similarly, Williamset al. [19] 396 

analyzed lactation yield and somatic cell score trajectories in more than 1.1 million dairy cows 397 

across successive parities and reported substantial genetic variation in these trajectories, 398 

supporting the view that udder-health-related phenotypes can change systematically as cows 399 

advance in lactation number. In the present dataset, such biological heterogeneity may have 400 

contributed to the weaker relationship between the recorded predictor variables and LSCC in 401 

the highest lactation group, in addition to the smaller sample size. These results support the 402 

decision to fit separate models for each lactation group rather than a single pooled model. The 403 

differences in production and reproductive traits across lactation groups shown in Table 1, 404 

together with the observed changes in predictive performance, suggest that the relationships 405 

between these predictors and LSCC may differ across lactation groups. A parity-specific 406 

modeling strategy is better aligned with the underlying biology, even though it necessarily 407 

produces smaller, and therefore less stable, training sets for the higher-parity groups. 408 

4.3. Important Predictors of LSCC 409 



PY, MY, and FY were consistently the three most important predictors of LSCC in both the 410 

RF and BNN models (Tables 6, 7, and 9). PY was the top-ranked predictor in RF across the 411 

first four lactations and in BNN across the first two; in later parities (the oldest group for RF, 412 

and from the third lactation onward for BNN) MY became the leading production trait instead, 413 

though all three production variables remained far more informative than the reproductive and 414 

management traits throughout. The consistent identification of these three production traits by 415 

two fundamentally different modeling approaches suggests that their predictive contribution 416 

was robust to the choice of algorithm. The result is consistent with the established association 417 

between milk production and udder health. Intramammary infection can alter mammary 418 

epithelial function and milk secretion, changing both milk yield and composition, while 419 

production level is itself associated with physiological and metabolic conditions that may 420 

influence udder health. Hagnestam-Nielsenet al. [13] showed that the association between SCC 421 

and milk yield changes across parity and lactation stage, supporting the relevance of production 422 

traits when predicting SCC. In addition, Halasaet al. [20]  reviewed evidence showing that both 423 

clinical and subclinical mastitis are associated with reductions in milk production, illustrating 424 

the close relationship between udder-health status and productive performance. Because SCC 425 

reflects intramammary inflammation, this production-udder-health relationship provides a 426 

biological basis for the strong predictive contribution of milk production variables observed 427 

here. These variable-importance measures, however, reflect predictive contribution within the 428 

fitted models rather than evidence of causal effects. In particular, the RF %IncMSE and 429 

IncNodePurity measures can be influenced by correlations among predictors, which is relevant 430 

here because MY, FY, and PY are biologically related production traits. Because MY, FY, and 431 

PY are themselves correlated production traits, their individual importance values should 432 

therefore not be interpreted as independent contributions to LSCC, and the present analysis 433 

cannot determine how much of their predictive information is shared. 434 



The importance of PY and FY may also reflect the fact that mammary inflammation can modify 435 

milk composition in addition to reducing milk volume. Leitneret al. [21] reported that 436 

intramammary infection altered milk composition and increased casein proteolysis, 437 

demonstrating that udder inflammation can affect the protein-related characteristics of milk. 438 

Likewise, Alhussien and Dang [22] reported that intramammary infection and the associated 439 

inflammatory response can alter milk composition and quality, supporting the potential value 440 

of milk protein- and fat-related traits as indicators of mammary health. These findings provide 441 

additional biological context for the importance of MY, FY, and PY in the present prediction 442 

models, although the direction and magnitude of their relationships with LSCC cannot be 443 

inferred from variable-importance values alone. AFC and DP followed different, secondary 444 

patterns. DP's estimated importance rose from the first to the third lactation in BNN (from 23.6 445 

to 44.5 %IncMSE; Table 7), while its importance in RF followed a similar rise-and-decline 446 

pattern, peaking earlier before falling in the oldest cows (Table 6). This pattern is biologically 447 

plausible, since the dry period is associated with mammary involution, tissue remodeling, and 448 

changes in susceptibility to intramammary infection around the dry-off and calving periods 449 

[23]. Thus, variation in DP may therefore carry information related to udder health in the 450 

subsequent lactation, although the present analysis cannot establish a causal relationship 451 

between DP and SCC. AFC, by contrast, was most informative in the first one to two lactation 452 

groups and declined thereafter, becoming slightly negative in the BNN analysis for cows with 453 

more than four lactations. Together with the other reproductive and management traits, AFC 454 

contributed comparatively little predictive information for LSCC relative to the production 455 

variables, though this lower importance does not imply that reproductive performance is 456 

biologically unrelated to udder health. 457 

4.4. Implications, Limitations, and Future Research 458 



The predictor variables used in this study are all routinely recorded in commercial dairy herd 459 

management systems, so the RF and BNN models could in principle be integrated into existing 460 

recording systems without additional sensor infrastructure. In practice, predicted LSCC values 461 

could be used to prioritize cows for additional monitoring or diagnostic testing, complementing 462 

existing mastitis control programs based on SCC [1]. Because the dominant predictors 463 

identified here, PY, MY, and FY, are production traits rather than SCC itself, these models 464 

may be particularly useful for supporting SCC monitoring between routine sampling dates; 465 

realizing this potential, however, would require validation under commercial conditions 466 

beyond the single herd studied here. Several limitations should be considered when interpreting 467 

these results. The data originated from a single commercial Holstein dairy enterprise, so 468 

external validation in herds with different management systems, environments, and genetic 469 

backgrounds is needed before the models can be generalized more broadly. The relatively small 470 

number of records available for cows with more than four lactations (n = 338, corresponding 471 

to training sets of approximately 250 records) limited the amount of information available for 472 

both model training and independent evaluation in this group, and the resulting performance 473 

estimates should therefore be interpreted cautiously. Multivariate outlier removal was 474 

performed before model development, which reduced the number of observations available for 475 

analysis; however, the specific influence of this preprocessing step on model performance, 476 

particularly in the smaller higher-lactation groups, was not evaluated. Finally, the predictor set 477 

was restricted to routinely recorded production, reproductive, and management variables; 478 

future studies could evaluate whether adding direct health and treatment records, genomic 479 

information, or sensor-derived behavioral measurements improves prediction, particularly in 480 

higher-lactation cows. Future work should prioritize external validation using data from 481 

multiple herds and production systems, and should evaluate whether a properly tuned BNN, an 482 

ensemble combining BNN and RF predictions, or additional predictor variables can further 483 



narrow the performance gap observed in the highest-parity group. Because the BNN and RF 484 

showed broadly similar predictive performance across lactation groups, future studies should 485 

also compare their computational requirements and ease of integration into herd-management 486 

systems, as practical deployment depends on factors beyond predictive accuracy alone. 487 

Conclusion 488 

This study compared seven modeling approaches for predicting LSCC in Holstein dairy cows 489 

from routinely recorded production, reproductive, and management traits, with separate models 490 

fitted for five lactation groups: MR and GLM as linear benchmarks, a Radial-Basis-Function 491 

SVM, and four nonlinear methods (BNN, RF, CHAID, and C&R Tree). Overall, BNN, RF, 492 

CHAID, and C&R Tree showed better predictive performance than SVM, MR, and GLM, and 493 

BNN and RF achieved comparable predictive accuracy, both matching or exceeding CHAID 494 

and C&R Tree in most lactation groups. Predictive accuracy generally declined with increasing 495 

lactation number, particularly in cows with more than four lactations, which may have been 496 

influenced by the smaller training sets and greater biological heterogeneity in the higher-497 

lactation groups. Average protein yield, average milk yield, and average fat yield were 498 

consistently the most informative predictors of LSCC in both RF and BNN and generally 499 

ranked substantially higher than the reproductive and management traits evaluated. Average 500 

protein yield ranked first in most lactation groups, although average milk yield became the 501 

leading production trait among the oldest cows. Dry period length and age at first calving 502 

provided secondary, parity-dependent predictive information, with their relative importance 503 

varying across lactation groups. These findings indicate that routinely recorded production, 504 

reproductive, and management variables contain useful information for predicting LSCC and 505 

may help identify cows at risk between routine SCC tests. Because the models were developed 506 

and evaluated using data from a single herd, and because cows with more than four lactations 507 

were represented by comparatively few records, external validation across independent herds 508 



and production systems is needed before the findings can be generalized or considered for 509 

practical application. 510 
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Table 1. Descriptive statistics of study variables across lactation groups. 606 

Variable Unit 
Lactation 

number 
n Mean SD Minimum Maximum 

DIM d 

1 4,147 331.91 64.27 239 582 

2 2,836 339.41 59.33 206 627 

3 1,706 328.46 53.06 228 561 

4 888 326.73 51.69 214 515 

>4 338 317.57 43.24 240 518 

AFC d 

1 4,147 1131.45 88.78 799 1803 

2 2,836 1545.28 135.13 1116 2221 

3 1,706 1935.33 163.07 1442 2846 

4 888 2313.02 174.33 2010 2933 

>4 338 2682.65 180.17 2377 3340 

CI d 

1 4,147 389.75 65.38 294 639 

2 2,836 393.08 63.98 298 632 

3 1,706 383.27 58.59 301 627 

4 888 383.22 56.39 305 596 

>4 338 373.28 49.20 309 595 

DP d 

1 4,147 57.69 7.94 1 129 

2 2,836 53.71 17.50 12 143 

3 1,706 54.62 17.15 18 140 

4 888 56.31 18.71 16 136 

>4 338 55.43 18.13 21 133 

CTFS d 

1 4,147 61.57 20.65 28 143 

2 2,836 56.14 17.58 26 137 

3 1,706 55.14 16.61 24 136 

4 888 54.00 16.57 26 129 

>4 338 53.37 14.45 31 117 

GL d 

1 4,147 277.82 4.92 256 290 

2 2,836 278.37 5.14 256 290 

3 1,706 278.59 5.06 257 290 

4 888 278.75 4.77 258 290 

>4 338 278.70 4.62 259 290 

DO d 

1 4,147 111.94 65.12 28 362 

2 2,836 114.71 63.68 29 351 

3 1,706 104.67 58.31 29 341 

4 888 104.47 56.14 32 318 

>4 338 94.58 48.86 35 314 

FSTC d 

1 4,147 50.37 62.21 0 299 

2 2,836 58.57 62.53 0 298 

3 1,706 49.53 56.58 0 288 

4 888 50.47 54.85 0 266 

>4 338 41.21 47.00 0 253 

MY kg 

1 4,147 10882.32 2019.98 5150.39 18565.48 

2 2,836 11611.63 2198.28 4955.46 19117.10 

3 1,706 11555.83 2175.47 5959.48 18195.54 

4 888 11678.31 2119.19 5592.76 17514.15 



>4 338 11740.47 1835.57 7788.92 17227.60 

FY kg 

1 4,147 301.85 66.94 104.77 525.44 

2 2,836 321.66 74.50 103.02 532.94 

3 1,706 322.91 72.04 120.99 564.66 

4 888 330.88 70.61 136.83 527.19 

>4 338 338.07 63.63 185.09 505.79 

PY kg 

1 4,147 285.27 75.81 44.24 557.22 

2 2,836 310.41 81.09 63.52 555.54 

3 1,706 310.01 80.00 60.12 577.19 

4 888 315.29 79.68 94.16 564.81 

>4 338 323.13 70.57 86.26 551.67 

LSCC – 

1 4,147 5.00 2.52 2.30 13.17 

2 2,836 5.63 2.53 2.59 13.77 

3 1,706 5.84 2.51 2.53 13.82 

4 888 5.96 2.47 2.56 13.19 

>4 338 5.74 2.22 3.05 13.44 

Abbreviations: DIM, days in milk; AFC, age at first calving; CI, calving interval; DP, dry period; CTFS, days from calving to 607 

first service; GL, gestation length; DO, days open; FSTC, days from first service to conception; MY, average milk yield; FY, 608 

average fat yield; PY, average protein yield; LSCC = log-transformed somatic cell count. 609 

 610 

 611 



Table 2. Mathematical formulation, key properties, and references for the seven modeling approaches used in this study. 612 

Algorithm Key properties Formulation (simplified) citation(s) 

BNN 

Single-hidden-layer feed-forward 

network; weights assigned Gaussian 

priors and estimated by Bayesian 

regularization, which limits overfitting 

without a separate validation set. 

ݕ̂ = ݃(∑௝=1ு 2௝ℎ(∑௜=1ௗݓ  ௜ݔ1௝௜ݓ  + ܾ1௝) +ܾ2), ݓ ∼ ࣨ(0,   (2ߪ

Lee and Nelder [24]; 

brnn package [12] 

RF 

Ensemble of decision trees, each grown 

on a bootstrap sample using a random 

subset of predictors at each split; 

predictions are averaged across trees. 

ݕ̂ = ܤ1 ∑௕=1஻   ௕ܶ(ܠ) 

Breiman [25]; 

randomForest package 

[26] 

SVM 

Maps predictors into a higher-

dimensional feature space via a kernel 

function and fits a regression hyperplane 

within an ε-insensitive margin; used here 

with a Radial Basis Function (RBF) 

kernel. 

ݕ̂ = ∑௜=1௡ ௜ߙ)  − ௜ܠ)ܭ(∗௜ߙ , (ܠ +ܾ, ௜ܠ)ܭ , (ܠ = exp(−ܠ‖ߛ௜ −   (2‖ܠ
Boseret al. [27] 

MR 

Classical ordinary least-squares 

regression assuming a linear, additive 

relationship between predictors and the 

outcome. 

ݕ̂ = 0ߚ + ∑௝=1ௗ ௝ݔ௝ߚ  +  ߝ
Classical method; see 

standard texts [e.g., 28] 

GLM 

Extends linear regression to allow a 

specified error distribution and link 

function relating the linear predictor to 

the expected outcome; used here with a 

Gaussian distribution and identity link. 

([ܻ]ܧ)݃ = 0ߚ + ∑௝=1ௗ ௝ݔ௝ߚ  , with ݃(ߤ)  ߤ=
Lee and Nelder [24] 

CHAID 

Decision-tree method that recursively 

partitions the data using chi-square 

(categorical) or F-test (continuous) 

significance tests, allowing multi-way 

splits. 

Recursive partitioning by statistical 

significance testing (no single closed-

form equation) 

Kass [29]; IBM SPSS 

Modeler 

C&R Tree 

Binary decision-tree method (CART) 

that recursively splits the data to 

minimize within-node variance. 

minsplits  [∑௜∈ ಽࣨ ௜ݕ)  − ௅)2‾ݕ + ∑௜∈ ೃࣨ ௜ݕ)   ;ோ)2]  Breimanet al. [30]‾ݕ−

IBM SPSS Modeler 

Note: formulations are simplified for summary purposes; see the cited sources for complete derivations. BNN, Bayesian 613 

Neural Network; RF, Random Forest; SVM, Support Vector Machine; MR, Multiple Regression; GLM, Generalized Linear 614 

Model; C&R Tree, Classification and Regression Tree. 615 

 616 



Table 3. Comparison of machine learning models for predicting log-transformed somatic cell count (LSCC) across lactation 617 

groups based on the Pearson correlation coefficient (r) and relative error (RE) in the training and testing datasets.  618 

Lactation 

Group 
 

Model 
Pearson Correlation Relative Error 

Training Testing Training Testing 

1 

SVM 0.571508 0.593571 0.80692 0.806309 

Multiple Regression Model 0.573166 0.611412 0.671481 0.631987 

Bayesian Neural Network 0.673712 0.699396 0.547959 0.513694 

Generalized Linear Model 0.578558 0.61495 0.665271 0.626892 

CHAID 0.69767 0.657918 0.513257 0.568086 

C&R Tree 0.680236 0.66757 0.53728 0.554478 

2 

SVM 0.599678 0.546472 0.784324 0.792862 

Multiple Regression Model 0.601318 0.511355 0.638417 0.783592 

Bayesian Neural Network 0.666962 0.630025 0.555531 0.612548 

Generalized Linear Model 0.606707 0.512756 0.631907 0.783032 

CHAID 0.686308 0.595572 0.528981 0.654443 

C&R Tree 0.666952 0.574919 0.555175 0.675328 

3 

SVM 0.58277 0.569092 0.789084 0.794605 

Multiple Regression Model 0.574152 0.570024 0.67035 0.675308 

Bayesian Neural Network 0.633505 0.61764 0.600126 0.622833 

Generalized Linear Model 0.578781 0.573686 0.665013 0.671263 

CHAID 0.658598 0.525753 0.566249 0.741636 

C&R Tree 0.649638 0.575545 0.577971 0.677684 

4 

SVM 0.535624 0.466254 0.887387 0.967003 

Multiple Regression Model 0.543049 0.500816 0.705098 0.759794 

Bayesian Neural Network 0.569328 0.511366 0.680399 0.772694 

Generalized Linear Model 0.548262 0.511806 0.699409 0.747128 

CHAID 0.68456 0.608306 0.531378 0.648137 

C&R Tree 0.71787 0.61008 0.484663 0.647477 

>4 

SVM 0.566071 0.450795 0.799422 0.920564 

Multiple Regression Model 0.569731 0.475476 0.675406 0.783211 

Bayesian Neural Network 0.585223 0.483904 0.660072 0.776078 

Generalized Linear Model 0.570517 0.4766 0.674511 0.78248 

CHAID 0.674878 0.472955 0.54454 0.824294 

C&R Tree 0.706395 0.509013 0.501006 0.805208 

 619 



Table 4. Predictive performance of Bayesian Neural Network (BNN) models for predicting log-transformed somatic cell 620 

count (LSCC) across lactation groups using different numbers of hidden neurons. 621 

Lactation 

Group 
Neurons 

Training Testing 

N RMSE R N RMSE R 

1 

2 

3110 

1.895513 0.6625239 

1037 

1.927305 0.6394595 

3 1.824793 0.6928305 1.874573 0.6631869 

4 1.809842 0.6989305 1.895868 0.6537723 

5 1.800633 0.7026284 1.893329 0.6547079 

2 

2 

2127 

1.94187 0.6409309 

709 

1.983995 0.624046 

3 1.896784 0.6616906 1.927345 0.6511419 

4 1.880454 0.6689355 1.919255 0.6548107 

5 1.890172 0.6646455 1.930389 0.6496981 

3 

2 

1279 

2.064398 0.5811196 

427 

2.004532 0.5719624 

3 1.953725 0.6378206 1.951846 0.6040221 

4 1.933169 0.6474803 1.954756 0.6052395 

5 1.877445 0.6724869 1.916566 0.6248245 

4 

2 

666 

1.902887 0.6386026 

222 

1.858909 0.6563965 

3 1.866938 0.6557289 1.812037 0.6773859 

4 1.840013 0.6681687 1.873284 0.6535701 

5 1.820385 0.6769324 1.847855 0.6648775 

>4 

2 

253 

1.811449 0.5671613 

85 

1.853501 0.5909644 

3 1.81205 0.566787 1.854519 0.5904474 

4 1.812916 0.5661692 1.847879 0.5938804 

5 1.812781 0.5662755 1.849862 0.5929381 

 622 



Table 5. Predictive performance of the Random Forest (RF) model for predicting log-transformed somatic cell count 623 

(LSCC) across lactation groups.  624 

Lactation Group 
Training Testing 

N RMSE r N RMSE r 

1 3110 1.858526 0.6795979 1037 1.888527 0.6593104 

2 2127 1.936976 0.643759 709 1.878207 0.6746033 

3 1279 2.002806 0.6142743 427 1.925376 0.6153107 

4 666 1.971676 0.6036149 222 1.85584 0.6613924 

>4 253 1.963204 0.4532289 85 1.881761 0.5732001 

 625 

 626 



Table 6. Variable importance of predictors for log-transformed somatic cell count (LSCC) estimated by the Random Forest 627 

(RF) model across lactation groups.  628 

Variables 

%IncMSE IncNodePurity 

Lactation Groups Lactation Groups 

1 2 3 4 >4 1 2 3 4 >4 

DIM 22.1 18.9 15.2 9.2 7.1 892.1 590.3 362.3 167.3 68.8 

AFC 27.3 18.1 15.3 3.8 2.0 1635.1 1027.3 537.1 261.0 71.2 

CI 19.6 17.3 15.5 12.7 7.6 853.8 615.1 396.2 183.2 63.2 

DP 22.1 27.3 16.9 12.8 7.0 1059.1 1542.8 767.7 394.8 107.9 

CTFS 17.5 7.2 9.2 7.7 3.0 834.3 632.5 408.0 210.5 81.0 

GL 18.7 7.9 9.4 4.4 -2.2 739.0 517.1 402.4 187.3 58.7 

DO 20.7 20.3 14.6 11.8 6.8 844.1 577.7 366.7 184.2 53.4 

FSTC 16.6 18.5 11.3 6.9 5.2 575.6 473.1 261.2 111.8 42.4 

MY 52.4 35.3 27.5 28.2 14.1 3157.4 2020.0 1348.6 828.7 245.9 

FY 36.5 24.3 24.1 19.2 9.1 2138.2 1413.1 819.3 390.8 124.3 

PY 71.8 53.0 43.0 29.2 6.3 5327.4 2925.3 1717.7 738.5 142.6 

Abbreviations: DIM, days in milk; AFC, age at first calving; CI, calving interval; DP, dry period; CTFS, days from calving 629 

to first service; GL, gestation length; DO, days open; FSTC, days from first service to conception; MY, average milk yield; 630 

FY, average fat yield; PY, average protein yield. 631 

 632 



Table 7. Variable importance of predictors for log-transformed somatic cell count (LSCC) estimated by the Bayesian Neural 633 

Network (BNN) model across lactation groups.  634 

Variables 

%IncMSE IncNodePurity 

Lactation Groups Lactation Groups 

1 2 3 4 >4 1 2 3 4 >4 

DIM 16.98 21.36 23.13 15.23 13.70 290.58 192.36 99.72 56.87 10.27 

AFC 43.89 47.52 18.54 19.70 -0.38 549.17 248.83 113.74 63.42 6.46 

CI 16.44 21.89 22.66 17.62 13.91 267.43 171.62 119.41 47.19 14.92 

DP 23.64 36.03 44.48 31.77 14.00 355.09 586.67 482.32 203.93 23.89 

CTFS 13.80 8.78 7.05 8.43 9.44 121.59 76.84 63.78 30.59 12.12 

GL 10.88 7.84 9.72 7.65 -0.70 119.34 64.99 64.27 25.82 4.62 

DO 16.84 15.85 20.52 17.22 13.93 216.61 129.00 100.85 55.56 13.80 

FSTC 14.53 16.47 14.78 13.85 6.78 103.23 81.81 64.10 31.05 6.20 

MY 54.18 41.98 48.10 39.71 35.62 1995.37 1225.61 825.40 537.16 113.90 

FY 49.17 42.01 40.94 14.64 20.94 1193.60 789.89 389.01 137.51 49.03 

PY 80.04 51.18 47.49 35.87 24.16 4043.95 2254.82 1215.09 519.13 82.46 

Abbreviations: DIM, days in milk; AFC, age at first calving; CI, calving interval; DP, dry period; CTFS, days from calving 635 

to first service; GL, gestation length; DO, days open; FSTC, days from first service to conception; MY, average milk yield; 636 

FY, average fat yield; PY, average protein yield. 637 

 638 



Table 8. Comparison of the predictive performance of Bayesian Neural Network (BNN) and Random Forest (RF) models 639 

for predicting log-transformed somatic cell count (LSCC) across lactation groups.  640 

Method Lactation Neurons 
Training 

N 

Training 

RMSE 

Training 

r 

Testing 

N 

Testing 

RMSE 
Testing r 

Bayesian Neural 

Network 
1 3 3110 1.824793 0.692831 1037 1.874573 0.663187 

Random Forest 1 – 3110 1.858526 0.679598 1037 1.888527 0.659310 

Bayesian Neural 

Network 
2 4 2127 1.880454 0.668936 709 1.919255 0.654811 

Random Forest 2 – 2127 1.936976 0.643759 709 1.878207 0.674603 

Bayesian Neural 

Network 
3 5 1279 1.877445 0.672487 427 1.916566 0.624825 

Random Forest 3 – 1279 2.002806 0.614274 427 1.925376 0.615311 

Bayesian Neural 

Network 
4 3 666 1.866938 0.655729 222 1.812037 0.677386 

Random Forest 4 – 666 1.971676 0.603615 222 1.855840 0.661392 

Bayesian Neural 

Network 
>4 4 253 1.812916 0.566169 85 1.847879 0.593880 

Random Forest >4 – 253 1.963204 0.453229 85 1.881761 0.573200 

 641 



 642 

Table 9. Comparison of predictor variable importance estimated by Bayesian Neural Network (BNN) and Random Forest 643 

(RF) models across lactation groups.  644 

Method Variables 

%IncMSE IncNodePurity 

Lactation Groups Lactation Groups 

1 2 3 4 >4 1 2 3 4 >4 

B
ay

es
ia

n
 N

eu
ra

l 
N

et
w

o
rk

 

DIM 16.98 21.36 23.13 15.23 13.70 290.58 192.36 99.72 56.87 10.27 

AFC 43.89 47.52 18.54 19.70 -0.38 549.17 248.83 113.74 63.42 6.46 

CI 16.44 21.89 22.66 17.62 13.91 267.43 171.62 119.41 47.19 14.92 

DP 23.64 36.03 44.48 31.77 14.00 355.09 586.67 482.32 203.93 23.89 

CTFS 13.80 8.78 7.05 8.43 9.44 121.59 76.84 63.78 30.59 12.12 

GL 10.88 7.84 9.72 7.65 -0.70 119.34 64.99 64.27 25.82 4.62 

DO 16.84 15.85 20.52 17.22 13.93 216.61 129.00 100.85 55.56 13.80 

FSTC 14.53 16.47 14.78 13.85 6.78 103.23 81.81 64.10 31.05 6.20 

MY 54.18 41.98 48.10 39.71 35.62 1995.37 1225.61 825.40 537.16 113.90 

FY 49.17 42.01 40.94 14.64 20.94 1193.60 789.89 389.01 137.51 49.03 

PY 80.04 51.18 47.49 35.87 24.16 4043.95 2254.82 1215.09 519.13 82.46 

R
an

d
o

m
 F

o
re

st
 

DIM 22.1 18.9 15.2 9.2 7.1 892.1 590.3 362.3 167.3 68.8 

AFC 27.3 18.1 15.3 3.8 2.0 1635.1 1027.3 537.1 261.0 71.2 

CI 19.6 17.3 15.5 12.7 7.6 853.8 615.1 396.2 183.2 63.2 

DP 22.1 27.3 16.9 12.8 7.0 1059.1 1542.8 767.7 394.8 107.9 

CTFS 17.5 7.2 9.2 7.7 3.0 834.3 632.5 408.0 210.5 81.0 

GL 18.7 7.9 9.4 4.4 -2.2 739.0 517.1 402.4 187.3 58.7 

DO 20.7 20.3 14.6 11.8 6.8 844.1 577.7 366.7 184.2 53.4 

FSTC 16.6 18.5 11.3 6.9 5.2 575.6 473.1 261.2 111.8 42.4 

MY 52.4 35.3 27.5 28.2 14.1 3157.4 2020.0 1348.6 828.7 245.9 

FY 36.5 24.3 24.1 19.2 9.1 2138.2 1413.1 819.3 390.8 124.3 

PY 71.8 53.0 43.0 29.2 6.3 5327.4 2925.3 1717.7 738.5 142.6 

Abbreviations: DIM, days in milk; AFC, age at first calving; CI, calving interval; DP, dry period; CTFS, days from calving 645 

to first service; GL, gestation length; DO, days open; FSTC, days from first service to conception; MY, average milk yield; 646 

FY, average fat yield; PY, average protein yield. 647 

 648 



 649 

 650 

Figure 1. Comparison of machine learning model performance based on Pearson correlation coefficient in the 651 

training dataset across lactation groups.  652 

 653 

 654 

 655 

Figure 2. Comparison of machine learning model performance based on Pearson correlation coefficient in the 656 

testing dataset across lactation groups. 657 

 658 



 659 

 660 

Figure 3. Comparison of machine learning model performance based on relative error in the training dataset 661 

across lactation groups.  662 

 663 

 664 

 665 

Figure 4. Comparison of machine learning model performance based on relative error in the testing dataset 666 

across lactation groups.  667 

 668 
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  L S C C   =     l n ⁡   ( S C C )


    y ˆ = g  (  ∑  j = 1  H     w  2 j h  (  ∑  i = 1  d     w  1 j i   x  i +   b  1 j ) +   b 2 ) ,   w ∼ 𝒩  ( 0 ,   𝜎 2 )


    y ˆ =  1  B  ∑  b = 1  B     T  b ( 𝐱 )


    y ˆ =  ∑  i = 1  n    (   𝛼  i −   𝛼  i ∗ ) K  (   𝐱  i , 𝐱 ) + b ,   K  (   𝐱  i , 𝐱 ) = exp ⁡  ( − 𝛾    ‖   𝐱  i − 𝐱 ‖ 2 )


    y ˆ =   𝛽 0 +  ∑  j = 1  d     𝛽  j   x  j + 𝜀


  g ( E [ Y ] ) =   𝛽 0 +  ∑  j = 1  d     𝛽  j   x  j


  g ( 𝜇 ) = 𝜇


   min  splits     [  ∑  i ∈   𝒩  L      (   y  i −     y ‾  L ) 2 +  ∑  i ∈   𝒩  R      (   y  i −     y ‾  R ) 2 ]


  R S S   =     ∑  i = 1  n     (   Y  i   −       Y ^  i ) 2


  R M S E   =        ∑  i = 1  n     (   Y  i   −       Y ^  i ) 2  n


  r   =       ∑  i = 1  n   (   Y  i   −     Y ̄ )  (     Y ^  i   −       Y ^ ̄ )     ∑  i = 1  n     (   Y  i   −     Y ̄ ) 2    ∑  i = 1  n     (     Y ^  i   −       Y ^ ̄ ) 2


  R E   =      1  n   ∑  i = 1  n  |   Y  i   −       Y ^  i |   1  n   ∑  i = 1  n  |   Y  i |
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