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Abstract: Mastitis is a major disease affecting dairy cow health and milk production. This study established an integrated
machine learning (ML) model combining herd- and individual-level data to achieve efficient and balanced prediction of clinical
mastitis. Data were collected from 5284 lactating Holstein cows on two farms in southern and northern China. Five feature
processing methods—recursive feature elimination (RFE), contrastive learning (CL), slopes and intercept, milk-conductivity
ratio, and differences—were evaluated with four ML algorithms: Support vector machine (SVM), random forest (RF),
XGBoost, and backpropagation neural network (BPNN). Among them, the XGBoost model with the milk-conductivity ratio
feature achieved the best performance, with a sensitivity of 0.81 and specificity of 0.75. To further address the imbalance
between sensitivity and specificity, collaborative filtering (CF) was introduced into the XGBoost model to incorporate both
herd and individual cow information. The resulting XGBoost—CF model improved sensitivity to 0.83 and specificity to 0.87,
enhancing the model’s ability to identify both healthy and diseased cows. This integrated ML—CF framework provides an
effective strategy for early mastitis prediction, offering practical support for intelligent dairy herd management and precision
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1 Introduction

Mastitis is one of the three major diseases in modern dairy
farming, causing inflammation of the mammary gland and leading
to economic losses through reduced milk yield, inferior milk
quality, and increased culling rates'*. Current diagnostic methods,
mainly based on visual inspection and milk physicochemical
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analysis™, are subjective and inefficient, making them unsuitable
for large-scale farms. Therefore, developing accurate and automated
mastitis prediction models is essential for modern dairy herd
management.

With the development of automatic milking systems, a large
amount of real-time data can be used for disease prediction through
ML Satola et al." built ensemble ML models to identify
subclinical mastitis with high sensitivity and specificity. Pakrashi et
al.l'" developed a model to predict subclinical mastitis within seven
days, reaching a sensitivity of 69.45% and specificity of 95.64%.
Luo et al.'” compared decision trees, RF, BPNN, and SVM,
reporting decision trees performed best. Ebrahimi et al.'” compared
seven ML algorithms using milk conductivity data, noting high
sensitivity but low specificity. Shi et al.' and Li et al.'"” confirmed
that factors such as season, parity, and lactation stage influence
mastitis prediction outcomes.

These studies confirm ML’s potential but also highlight
imbalanced sensitivity and specificity in existing models!"*"*.
Moreover, individual variability among cows—such as differences
in milk yield and physiological status—remains underexplored. To
address these limitations, this study collected conductivity and
milking data from 5284 Holstein cows on farms in northern and
southern China, evaluated five feature processing methods with four
ML algorithms, and developed an XGBoost—collaborative filtering
(CF) hybrid model

integrating herd- and individual-level
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information for balanced and interpretable mastitis prediction.

2 Materials and methods

2.1 Data collection and preprocessing

Conductivity data were collected from two large-scale dairy
farms in northern and southern China between January and
December 2023, covering 5284 lactating Holstein cows (3730
northern, 1554 southern) with 1-4 samples per cow per day, totaling
3 441 182 records. Features included cow ID, parity, days in
lactation, milk yield, conductivity, milk flow rates at 15-30 s, 30-
60 s, and 60-120 s, average and peak flow rates, early milk yield,
and milking duration. Clinical mastitis diagnosis was determined
daily by farm veterinarians. The diagnosis was confirmed if at least
one of the following signs was observed: (1) Abnormal milk:
Visible changes such as clots, flakes, or discoloration; (2) Udder
inflammation: Signs of swelling, heat, hardness, or pain upon
palpation; (3) Systemic reactions: In severe cases, systemic signs
such as elevated body temperature.

To improve data quality, preprocessing involved removing
missing or non-positive values, filtering cows with parity 1-5 and
lactation days 5-365, and eliminating outliers using the boxplot
method. To determine the optimal prediction window, this study
performed a comparative analysis on time windows of 0, 10, 20,
and 30 days. Pearson correlation coefficient and mutual information
entropy were utilized to evaluate the relationship between features
and the mastitis label across these windows. The analysis revealed
that feature correlations stabilized and reached a peak at the 20-day
mark. Consequently, a 20-day window was selected for feature
construction to achieve the best balance between information
retention and noise reduction.

2.2 Feature processing and dataset construction

Five feature processing methods were applied to evaluate their
impact on predictive performance.

1) RFE iteratively eliminates less important features by training
the model until a predefined number of features is retained".

2) CL reconstructs features by learning data representations that
maximize similarity among similar samples while minimizing
similarity among dissimilar ones™".

3) Slopes and intercept capture daily fluctuations in milk yield
and conductivity through least-squares fitting (Figure 1).
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Note: Figure compares healthy and diseased cows across three daily milking

shifts, showing that diseased cows exhibit stronger fluctuations in milk yield and

conductivity.
Figure 1 Variations in three daily milking shifts for healthy

and diseased cows

4) Milk-conductivity ratio accounts for the fact that clinical
mastitis often causes a significant decrease in milk yield”", while
milk yield is also highly influenced by factors such as climate, diet,
and lactation stage™. By combining milk yield with the more stable

conductivity, this ratio stabilizes the feature and improves
prediction performance.

5) Differences capture short-term changes in milk yield and
conductivity, as mastitis affects these values. Fan et al.””! indicated
that using milking data from the past seven sessions yields optimal
predictive results, while Bonestroo et al.”! found little difference
when reducing the input from 30 to 15 days. These findings confirm
that incorporating multiple historical data points improves model
accuracy. Since the original dataset lacks temporal features, this
experiment constructs differences in milk yield and conductivity
between the current day and the previous one or two days.

After constructing new features using the above five methods, a
balanced dataset was generated by random undersampling. The
original raw dataset (within the 20-day window) exhibited a severe
class imbalance, containing 1 840 924 healthy samples compared to
only 22 765 diseased samples (an approximate ratio of 80:1). This
extreme disparity necessitated the undersampling strategy to prevent
model bias. 80% of samples were used for training, 20% for testing,
and remaining healthy data were retained as a historical dataset
(Table 1).

Table 1 Sample distribution under different feature
processing methods

Feature processing method ~ Trainingset ~ Testset  Historical dataset
RFE 36424 9106 1818159
CL 26 800 8960 8960
Slopes and intercept 12334 3084 628 760
Milk-conductivity ratio 36 424 9106 1818159
Differences 7354 1838 397 653

2.3 ML methods

To comprehensively compare and evaluate the impact of new
features on model performance, four ML models were investigated:
SVM, RF, XGBoost, and BPNN. All models were optimized using
Bayesian Optimization (specifically the HyperBand algorithm) to
efficiently navigate the high-dimensional parameter space, and 5-
fold cross-validation was applied. The optimal hyperparameters for
the best-performing XGBoost model are listed in Table 2. The
experiments were implemented in Python 3.12.

Table 2 Optimal hyperparameters for the XGBoost model

Hyperparameter Value Description

n_estimators 300 Number of gradient boosted trees

max_depth 10 Maximum tree depth for base learners
learning_rate 0.1 Boosting learning rate (step size)
subsample 0.9 Subsample ratio of the training instances

colsample_bytree 0.9 Subsample ratio of columns when constructing each tree

2.4 ML-CF Model

Herd-level ML models predict cow diseases using data from
multiple individuals but often suffer from false positives due to
natural individual variability. To address this issue, a hybrid
ML-CF model was developed, integrating herd-level features with
individual cow information for more personalized mastitis
prediction.

CF predicts unknown outcomes based on the behavior of
similar entities. When applied to mastitis prediction, CF treats
records of the same cow at different time points as distinct samples
and adjusts ML outputs using their temporal similarity. Specifically,
to quantify the similarity between the feature vector of the current
prediction instance (A) and a historical healthy instance (B), this
study employed the cosine similarity metric. The calculation
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formula is defined as follows:

sim(A,B) =

()

where, n represents the dimension of the feature vector.
The overall workflow of the ML-CF model is illustrated in
Figure 2.
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Note: The model first generates initial predictions using machine learning
algorithms. These predictions are then recalibrated using collaborative filtering
(CF) based on individual cow historical data, enhancing personalized prediction

accuracy and reducing false-positive rates.

Figure 2 Workflow of ML-CF model

2.5 Evaluation metrics

Model performance was evaluated using sensitivity, specificity,
precision, Fl-score, and Matthews correlation coefficient (MCC),
which together provide a comprehensive of
classification accuracy and balance. The calculation formulas for

assessment

each metric are as follows:

Precision x Sensitivity

Fl=2x — ——
Precision + Sensitivity

)

~ TPx TN —FPx FN
/(TP +FP)(TP + FN)(TN + FP)(TN + FN)

MCC (6)

where, TP, TN, FP, and FN denote true positives, true negatives,
false positives, and false negatives, respectively. Diseased samples
were defined as positive and healthy samples as negative.

3 Results and discussion

3.1 Feature processing and model performance
Five feature processing methods were combined with four ML
For each

models to evaluate classification performance.

combination, feature importance ranking was applied, and less

informative variables were removed to optimize model
performance.
Overall, ensemble-based models (RF and XGBoost)

consistently achieved higher sensitivity, specificity, and F1-scores
than SVM and BPNN, demonstrating stronger generalization
capability. Specifically, the comparative analysis highlighted a
critical trade-off: while BPNN achieved competitive sensitivity, it
suffered from significantly lower specificity compared to tree-based
ensemble methods. This indicates that BPNN was more prone to
false positives on the imbalanced tabular dataset, whereas XGBoost
provided a superior balance between detecting sick cows and
minimizing false alarms. Among the feature processing methods,
the milk—conductivity ratio yielded the best overall performance,
improving sensitivity to 0.81 and specificity to 0.73. Further
analysis of feature importance (based on random forest rankings)

Sensitivity = L ) revealed that, in addition to the engineered milk-conductivity ratio,
(TP+FN) the top-contributing raw features were average flow rate and milk
TN yield. This aligns with physiological expectations, as mastitis
Specificity = (TN +FP) (©) infection typically leads to a significant reduction in milk yield and
alterations in flow dynamics due to inflammation and pain.
Precision = TP @) However, an imbalance between sensitivity and specificity persisted
(TP+FP) due to individual cow variability (Figure 3).
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Figure 3 Comparison of test set prediction results under different feature processing methods
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3.2 Individual variation and model limitations

Analysis of individual cow data in the dataset revealed
substantial inter-individual variability among cows. For example,
two cows were randomly selected from those diagnosed with
mastitis by a veterinarian on August 9, 2023. The trends of milk
yield within one month before and after diagnosis were plotted
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Figure 4

3.3 XGBoost-CF model results

To address low specificity caused by individual variation, a
collaborative filtering (CF) mechanism was integrated into
XGBoost, forming the XGBoost-CF hybrid model. Initial
predictions by XGBoost were recalibrated using each cow’s
historical data, reducing misclassifications. The XGBoost-CF
model achieved a specificity of 0.87, an Fl-score of 0.85, and an
MCC of 0.70 (Table 3), demonstrating substantial improvement
over traditional ML models and confirming the importance of
combining herd-level and individual-level information.

Table 3 XGBoost-CF model test set results

Model Sensitivity Specificity Precision Fl1 MCC
XGBoost 0.81 0.75 0.75 0.78 0.54
XGBoost-CF 0.83 0.87 0.86 0.85 0.70

4 Conclusions

This study evaluated multiple feature processing methods and
ML models for predicting clinical mastitis in dairy cows. To
mitigate the imbalance between sensitivity and specificity caused by
individual cow differences, ML models were integrated with CF.
Data were collected from 5284 lactating Holstein cows on two large-
scale farms in northern and southern China and preprocessed
following veterinarian guidance. Five feature processing methods
were applied to reconstruct the dataset, and models including RF,
SVM, XGBoost, and BPNN were developed. The best-performing
XGBoost model employed the milk—conductivity ratio feature
construction and was combined with CF to form the final prediction
framework.

Results indicated that the milk—conductivity ratio substantially
enhanced model performance. Among the four ML models,
XGBoost achieved superior results with a sensitivity of 0.81,
specificity of 0.75, accuracy of 0.75, F1-score of 0.78, and MCC of
0.54. Incorporating CF further improved performance, increasing
sensitivity to 0.83 and specificity to 0.87, thereby balancing the
identification of both healthy and diseased cows.

Overall, this work provides a robust and interpretable ML—CF
framework for early detection of clinical mastitis, offering practical
guidance for precision dairy herd management. Future studies
should extend the model to multi-farm datasets, integrate additional

Figure 4, demonstrating clearly distinct production ranges. Similar
variability was observed across other physiological and milking
characteristics, which may lead to false-positive predictions and
reduced model specificity. These findings underscore the necessity

of incorporating personalized information into predictive models.
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Individual cow analysis at the dairy farm

physiological and environmental variables, and explore real-time
deployment in intelligent milking systems.
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