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ABSTRACT
Background: In the development of small and marginal farming, livestock industries play a significant role. Mastitis, an important
crisis that affects the health and economic welfare of dairy farms, is an inflammation in the mammary gland caused from trauma
or an infection. Conventional approach relies heavily on identifying mastitis through milk changes, which can be costly and
impractical for smaller farms. A mastitis detection algorithm based on machine learning techniques with optimized features through
feature selection is proposed.
Methods: To pre-process the dataset, random sampler techniques like SMOTE, Random under sampler, Random over sampler are
used. To select highly correlated features, filter-based feature selection techniques such as information gain, Chi-square test,
correlation coefficient and mean absolute deviation are applied to a clinical mastitis dataset. The extracted features are trained
with machine learning models like support vector machine, Naïve Bayes Classifier, Decision tree and Random Forest classifier.
Result: The experimental outcomes on the clinical mastitis dataset with various machine learning models are evaluated in terms of
accuracy, sensitivity, specificity. The findings reveal the use of random forest classifier obtained mean accuracy of 99.2% for the
dataset with 99% specificity and sensitivity.
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INTRODUCTION
The livestock industry is a cornerstone of the global
economy, contributing approximately 40% to agricultural
GDP, according to the Food and Agriculture Organization of
the United Nations (Plummer and Plummer, 2012).
However, its success is hindered by infectious diseases
caused by bacteria, viruses and fungi. Among these, bovine
mastitis poses a significant challenge, severely affecting
milk quality and production. Waseem et al., (2020)
emphasized that this disease is mainly caused by bacterial
infections like Staphylococcus aureus and Streptococcus
agalactiae, resulting in inflammation of the udder. These
pathogens inhabit the udder and teat skin, eventually
colonizing and growing within the teat canal. Early
identification and elimination of mastitis during lactation
can yield substantial economic benefits by mitigating its
adverse effects.

Bovine mastitis is classified into clinical and
subclinical forms based on the causative agent. Subclinical
mastitis, while not visibly detectable, significantly affects
the somatic cell count and the temperature of the udder’s
skin surface (Vieira et al., 2021) and is higher prevalence
compared to clinical mastitis (Seddar-Yagoub et al., 2023).
To identify mastitis, various detection methods have been
developed, including the California Mastitis Test (CMT) kit
(Bouamra et al., 2024; Dingwell et al., 2003) and the
Somatic Cell Counter unit (Rychtarova et al., 2021), which
enable effective monitoring and diagnosis based on
observable symptoms and changes.

Research shows a strong correlation between CMT
scores and SCC, establishing the CMT kit as a reliable,

cost-effective tool for detecting subclinical mastitis (SCM)
(Cai et al., 2018; Ma et al., 2021; Zhou et al., 2022). Machine
learning, a branch of artificial intelligence, further enhances
early detection capabilities by analyzing large datasets,
enabling advancements in disease detection and
classification to benefit farmers and scientists.

Mikail and Keskin (2013) proposed using Support
Vector Machine (SVM) for subclinical mastitis detection,
achieving 50% training accuracy and 85% testing accuracy
and outperforming logistic regression. However, false
negatives posed significant risks, particularly with insufficient
somatic cell count data. Similarly, (Shaltout et al., 2014)
demonstrated the effectiveness of Information Gain (IG)
for feature selection, achieving 90% accuracy in influenza
classification using a decision tree classifier.
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Ryan et al. (2021) demonstrated early mastitis
detection through continuous cattle monitoring, leveraging
changes in milk components such as fat, protein, lactose
and somatic cell count (SCC), achieving 85% model
accuracy. Bobbo et al. (2021) compared machine learning
models for mastitis detection using SCC and identified the
Random Forest classifier as the most accurate when milk
components were utilized for model construction.

Ma et al. (2021) proposed a non-invasive method to
estimate cattle body temperature using machine learning
techniques like Linear Regression and SVM. The approach
achieved 63.8% accuracy for detecting common illnesses
but struggled to predict outcomes from historical data for
individual cattle.

Grodkowski et al. (2022) identified key features for
designing a mastitis prediction model, demonstrating that
logistic regression outperforms artificial neural networks
(ANN) when using features like cattle movement, feed
intake, resting period and rumination. Rao et al. (2023)
evaluated various machine learning models for cattle
disease prediction using Kaggle datasets and discussed
different techniques for disease detection.

Ankhita et al., (2020) compared the performance of
KNN and SVM for mastitis detection, recommending SVM
for disease detection applications due to its superior
performance. (Wang et al., 2022) proposed a deep learning-
based supervised learning approach for mastitis detection,
achieving 99.9% accuracy, outperforming machine learning
models under default parameters. Mohan et al. (2019)
introduced an expert system for animal disease diagnosis
using Convolutional Neural Networks (CNNs), achieving
98.8% accuracy with a diagnostic system consisting of a
convolution layer and pooling layer that takes RGB images
as input.

Abdul Ghafoor and Sitkowska (2021) proposed a
machine learning-based system for detecting clinical
mastitis in cattle, improving detection speed based on
symptoms exhibited by the cattle. The comparison of
machine learning models revealed that the K-nearest
neighbors (KNN) model achieved 99.46% accuracy with
sensitivity and spec if ic ity o f 94 .7% and 98.9%,
respectively. However, since KNN is a lazy training model,
it is less efficient in terms of overall model performance.
The mastitis detection algorithm aims to accurately
predict cattle mastitis status for real-time applications.
The subsequent sections cover the proposed
methodology, which utilizes optimized feature descriptors
and machine learning algor ithms, fo llowed by
experimental results and a comparison of the algorithm’s
performance with various models. The conclusion is
provided in Section IV.

MATERIALS AND METHODS
The proposed AI driven mastitis detection system is shown
in Fig 1 consists of 3 phases namely Feature Selection
phase, Mastitis detection Algorithm and Performance

Evaluation phase. The research work was carried out at
the host institute, Mepco Schlenk Engineering College, over
a research period of approximately six months, from June
2024 to November 2024. The objectives of the mastitis
detection system are:
. To detect Clinical Mastitis in cattle through AI-driven mastitis

detection algorithm.
. To select higher correlation features by filter-based feature
  selection.
. To develop mastitis detection algorithm using Machine
  learning techniques.
. To validate the performance of mastitis detection system
  on clinical mastitis dataset.

Feature selection
Abdul Ghafoor and Sitkowska, (2021) emphasized that the
feature selection for supervised learning is calculated from
the relevance or correlation between features and target
variable.

Algorithm: Clinical mastitis detector feature selection.
Input: Clinical mastitis dataset:

CMD = (X, y),
Where,
Feature set, X = {cf1, cf2, ...., cfn}
y = Target variable.

Output: Selected feature subset.
X = {fk  X }, k < n

Process initialization
a) Read the clinical mastitis dataset, CMD and extract the
     feature set X and target variable, y.
b) Define k, the desired number of selected features.

For each feature, cf in X:
i. Compute information gain (IG):
a) Compute entropy, E(X) = - P(cf).log(P(cf))
b) Compute E(X\y) = -P(cf\y).log(P(cf\y))
c) IG = E(cf) - E(x\y)

ii. Compute chi-square test score (X2):
a. Calculate observed frequency, Oi and expected frequency, Ei

b.

iii. Compute the Fisher’s score ():
a. Calculate the class means, 1 and 2; class variance,

     and

b.

iv. Compute the correlation coefficient with the target variable,
:

v. Compute the mean absolute deviation (MAD):
a. Calculate mean or median of Xi

X2 = (Oi - Ei)
2

Ei
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b.

vi. Feature ranking and selection.

3. Sort the feature in descending order of the  and rank the
    featuresscorei and rank the features.

4. X { fk  X : k  n}

Thus, the feature selection phase identifies the most
relevant features that exhibit a strong correlation with the
target variable. These selected features are retained for
training the machine learning models for the mastitis
detection system, while the less relevant features are
excluded.

Machine learning models
The Subclinical Mastitis detection model is built using
various Machine learning techniques like random forest,
ensemble methods and decision tree. The model that

produces more accurate result in terms of time and space
complexity is further enhanced with the help of hyper-
parameter tuning to produce an optimized model with better
performance. The machine learning model in Fig 2, results
either subclinical mastitis or healthy cow based on the
weight parameters learnt by the model constructed.

RESULTS AND DISCUSSION
Dataset description

The clinical mastitis dataset Ankhita et al. (2020) consists
of 7922 records stating the health condition of cattle is
elaborated with purpose and category of each feature in
Table 1. Fig 3 depicts the distribution of data samples in
the dataset when the target label is considered.

To reduce the risk of bias and ensure generalization of
model, it is important to balance the number of records
under each class. Fig 4 shows the number of data entries
after the dataset is balanced by using random under-
sampler, random over-sampler and SMOTE approach.
 Random over-sampling method aims to address class
    imbalance by duplicating instances from the minority
    class to achieve a more balanced distribution.
 Random under-sampling method entails randomly
    eliminating instances from the majority class to achieve
    a more equitable class distribution.
 SMOTE (synthetic minority oversampling technique)
    tackles imbalanced datasets by generating synthetic
    samples for the minority class.

Once the dataset is randomly sampled to avoid
imbalance, for the feature selection filter-based techniques
are deployed to identify the highly correlated features.

Feature selection
Fig 5 depicts the contribution of each feature towards
achieving the target, where the size of udder parameter
shows considerable performance by every feature selection
technique. The features of hardness, milk visibility and pain
in the udder are most directly correlated to target class.

Information gain, as a purity measure, highlights that
parameters like pain, hardness and milk visibility have the
highest values due to their strong dependency on the target
variable. In contrast, features like day, mastitis after giving
birth and previous mastitis status contribute minimally. By
MAD, udder parameters (IUFL, EUFL, IUFR, EUFR, IURL,
EURL, IURR, EURR) exhibit 80% better correlation
compared to others. Across all techniques, temperature,
udder size, pain, hardness and milk visibility are the most
significant contributors to predicting the target class.
Features with a correlation above 30% of the overall range
are selected as the best features.

Feature selection highlights hardness, pain and milk
visibility as highly significant features, while the udder
parameters and temperature exhibit strong correlations
with the target variable. Fig 6 reveals inter-feature
correlations among IUFL and EUFL, EUFR and IUFR, IURL
and EURL, IURR and EURR, as well as hardness, pain

MAD = 1
n

n
j=1 cfij - cfi

 featuresscorei  =
1 * (IG) + 2 * X

2 + 2 *  + 2 *  + 2 * (MAD)

Fig 1: Optimized feature descriptors based mastitis detection
system design.

Fig 2: Workflow of machine learning model.



                                                                           AGRICULTURAL SCIENCE DIGEST - A Research Journal of Agriculture, Animal and Veterinary Sciences4

Filter-based Optimized Feature Descriptors for Detecting Clinical Mastitis in Cattle using Random Forest Classifier Model

and milk visibility. To optimize the model, one
representative feature is retained from each correlated
group, reducing the dataset to four key parameters for
training the mastitis detection system.

Although pain, hardness and changes in milk color
have a higher prevalence in predicting the target, even a
small error can pose a risk to cattle health.  The associative
rule that can be generated using only the features pain,
hardness and color visibility in milk is:

IF pain = TRUE, THEN class = TRUE
ELSE IF hardness = TRUE, THEN class = TRUE
ELSE IF milk_visibility = TRUE, THEN class = TRUE
ELSE class = FALSE

Any incorrect logging or reporting of features can lead to
misclassification by the model. Due to these concerns, the
features pain, hardness and milk visibility are excluded from
model training. where, temperature and eight udder parameters
are selected for training the machine learning models.

The mastitis detection system is developed using multiple
classification algorithms including random forest classifier,
Decision Tree Classifier, K-Nearest Neighbours Classifier and
Support Vector Machine Classifier for the selected features.
Performance evaluation is essential in machine learning to
analyze a model’s effectiveness, generalization capability and
alignment with task objectives using metrics such as precision,
recall, F1-score and accuracy.

Table 1: Clinical mastitis dataset.

Feature descriptor Purpose Feature type Value range

Cow ID To uniquely identify the cattle Numerical 1-150
Cow breed Breed to which the cattle belong Categorical Jersey, HF
Previous Mastitis Status Mastitis history for cattle Categorical Yes, No
Months after giving birth To track the lactation period Numerical 0-7
USST Udder Skin Surface Temperature Numerical
IUFL, EUFL Udder front left inhale and exhale limit Numerical
IUFR, EUFR Udder front right inhale and exhale limit Numerical
IURL, EURL Udder rear left inhale and exhale limit Numerical
IURR, EURR Udder rear right inhale and exhale limit Numerical
Milk visibility Change in milk Categorical Yes, No
Pain pain in udder Categorical Yes, No
Hardness Change in texture of udder Categorical Yes, No

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
True positive

True positive + False positive

Recall =
True positive

True positive + False negative

F1 score =
2*(Precision*Recall)
Precision + RecallFig 3: Distribution of records based on target label.

Fig 4: Data distribution based target using (a) Random over-sampler and SMOTE,
 (b) Random under-sampler.
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Fig 5: Feature selection based on (a) Information gain; (b) Chi-square test; (c) Correlation coefficient; (d) Mean absolute deviation.

 (a) (b)

(c) (d)

Fig 6: Heatmap of correlated features.

Fig 7: Precision and recall of mastitis detection system.
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Table 2: Performance evaluation of mastitis detection using machine learning models when dataset is unsampled.

Feature set F1 F2

Model Precision Recall F1-score Accuracy Precision Recall F1-score Accuracy

Training: 80%, Testing: 20%
Random forest 1 0.99 0.99 94.2 1 0.99 0.99 94.21
Logistic regresssion 0.98 0.97 0.97 93.11 0.98 0.97 0.97 93.01
KNN 1 0.96 0.98 94.02 1 0.96 0.98 94.12
Decision tree 0.98 0.99 0.98 94.1 0.98 0.99 0.98 94.1
SVM 1 0.97 0.98 92.1 1 0.97 0.98 92.2
Naïve bayes 0.93 0.8 0.86 92 0.93 0.8 0.86 91.1

Training: 70% - Testing: 30%
Random forest 0.99 0.99 0.99 94.0 0.99 0.99 0.99 94.0
Logistic regresssion 0.98 0.97 0.98 93 0.98 0.97 0.98 93
KNN 1 0.97 0.98 93.98 1 0.97 0.98 93.98
Decision tree 1 0.97 0.98 94.1 1 0.97 0.98 94.1
SVM 0.99 0.97 0.98 91.96 0.99 0.97 0.98 91.96
Naïve bayes 0.93 0.8 0.86 91.8 0.93 0.8 0.86 91.8

Training: 60% - Testing: 40%
Random forest 0.99 0.99 0.99 94.15 0.99 0.99 0.99 94.15
Logistic regresssion 0.98 0.97 0.98 92.87 0.98 0.97 0.98 92.87
KNN 1 0.97 0.98 94 1 0.97 0.98 94
Decision tree 1 0.97 0.98 94.1 1 0.97 0.98 94.1
SVM 0.99 0.97 0.98 92.1 0.99 0.97 0.98 92.1
Naïve bayes 0.93 0.8 0.86 91.87 0.93 0.8 0.86 91.87

Performance evaluation
Fig 7 to 10 summarize the performance of the mastitis
detection system trained with optimized features (IURL,
IUFL, IURR and temperature), selected through a two-step
feature selection process involving initial screening
(Information Gain, Fisher’s Score, Chi-Square test) and
correlation analysis to avoid redundancy and overfitting.

Fig 7 highlights precision-based performance across
Random Forest, KNN, SVM, Logistic Regression, Decision
Tree and Naïve Bayes classifiers under unsampled,
SMOTE, random oversampling and under-sampling
techniques with an 80:20 train-test split. Random
oversampling yielded the best precision (1.0) for most
models, while Naïve Bayes showed lower precision (0.93)
in unsampled and SMOTE datasets but improved to 0.98
with oversampling.

Fig 9 presents accuracy-based analysis, where
Logistic Regression excelled across sampling methods,
underscoring the importance of sampling to enhance
model performance over unsampled datasets.

Tables 2-5 present the performance of various machine
learning models for mastitis classification using two
feature sets: F1 (IURL, IURR, EURL, Temperature) and F2
(IUFL, EUFL, IUFR, EUFR, IURL, EURL, IURR, EURR,
Temperature). The models were trained and evaluated
under varying training-testing splits and a 10-fold cross-
validation approach (k=10). The results highlight that
Random Forest consistently demonstrates high accuracy
and robustness, maintaining near-perfect precision, recall

Fig 8: F1 Score of mastitis detection system.

Fig 9: Accuracy of mastitis detection system when dataset is
unsampled.
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Table 4: Performance evaluation of mastitis detection using machine learning models when dataset is random over sampled.

Feature set F1 F2

Model Precision Recall F1-score Accuracy Precision Recall F1-score Accuracy

Training: 80%, Testing: 20%
Random forest 1 1 1 0.984 1 1 1 0.9874
Logistic regresssion 1 0.99 0.99 0.991 0.99 0.97 0.98 0.9725
KNN 1 0.99 0.99 0.981 1 0.99 0.99 0.9897
Decision tree 1 0.99 0.99 0.9833 1 0.99 0.99 0.9808
SVM 1 0.97 0.99 0.978 0.99 0.99 0.99 0.9893
Naïve bayes 0.98 0.96 0.97 0.968 0.98 0.99 0.98 0.9812

Training: 70% - Testing: 30%
Random forest 1 1 1 98.54 1 1 1 98.54
Logistic regresssion 1 0.99 0.99 0.9911 1 0.99 0.99 0.9911
KNN 1 0.99 0.99 0.981 1 0.99 0.99 0.981
Decision tree 1 0.99 0.99 0.9833 1 0.99 0.99 0.9833
SVM 1 0.97 0.98 0.978 1 0.97 0.98 0.978
Naïve bayes 0.98 0.96 0.97 0.9682 0.98 0.96 0.97 0.9682

Training: 60% - Testing: 40%
Random forest 1 1 1 98.49 1 1 1 99.74
Logistic regresssion 1 0.99 0.99 0.9911 1 0.98 0.99 99.08
KNN 1 0.99 0.99 0.981 1 0.99 0.99 99.21
Decision tree 1 0.99 0.99 0.9833 1 0.99 0.99 99.39
SVM 0.99 0.97 0.98 0.978 0.99 0.97 0.98 98.21
Naïve bayes 0.98 0.95 0.97 0.9687 0.98 0.95 0.97 96.79

Table 3: Performance evaluation of mastitis detection using machine learning models when dataset is random under sampled.

Feature set F1 F2

Model Precision Recall F1-score Accuracy Precision Recall F1-score Accuracy

Training: 80%, Testing: 20%
Random forest 0.99 0.99 0.99 98.06 1 0.99 0.99 99.32
Logistic regresssion 1 0.99 0.99 99 0.99 0.98 0.99 98.19
KNN 1 0.99 0.99 98.3 1 0.99 0.99 99.54
Decision tree 1 0.99 0.99 97.4 1 0.99 0.99 99.32
SVM 0.99 0.99 0.99 98.06 0.99 0.99 0.99 99.09
Naïve bayes 0.98 0.99 0.98 96.8 0.97 0.99 0.98 97.97

Training: 70% - Testing: 30%
Random forest 0.99 0.99 0.99 98.51 1 0.99 0.99 99.24
Logistic regresssion 1 0.99 0.99 99 0.99 0.98 0.98 98.49
KNN 1 0.98 0.99 98.3 1 0.99 0.99 99.39
Decision tree 1 0.99 0.99 97.4 0.99 0.99 0.99 99.09
SVM 0.99 0.98 0.98 98 0.99 0.99 0.99 98.94
Naïve bayes 0.98 0.98 0.98 96 0.97 0.99 0.98 98.04

Training: 60% - Testing: 40%
Random forest 1 0.98 0.99 98.46 1 0.98 0.99 98.98
Logistic regresssion 1 0.98 0.99 99.07 0.97 0.97 0.97 97.07
KNN 1 0.97 0.99 98.3 1 0.98 0.99 99.09
Decision tree 1 0.98 0.99 97.4 1 0.98 0.99 98.98
SVM 0.99 0.97 0.98 98.06 0.99 0.98 0.99 98.19
Naïve bayes 0.98 0.98 0.98 96.8 0.98 0.98 0.98 98.08

Filter-based Optimized Feature Descriptors for Detecting Clinical Mastitis in Cattle using Random Forest Classifier Model
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Table 5: Performance evaluation of mastitis detection using machine learning models when dataset is SMOTE.

Feature set                        F1                      F2

Model Precision Recall F1-score Accuracy Precision Recall F1-score Accuracy

Training: 80%, Testing: 20%
Random forest 1 0.99 0.99 99.69 1 0.99 0.99 99.69
Logistic regresssion 0.98 0.97 0.97 99.16 0.98 0.97 0.97 99.16
KNN 1 0.96 0.98 99.31 1 0.96 0.98 99.31
Decision tree 0.98 0.99 0.98 99.47 0.98 0.99 0.98 99.47
SVM 1 0.97 0.98 99.46 1 0.97 0.98 99.46
Naïve bayes 0.93 0.8 0.86 95.75 0.93 0.8 0.86 95.75

Training: 70% - Testing: 30%
Random forest 0.99 0.99 0.99 99.54 0.99 0.99 0.99 99.54
Logistic regresssion 0.98 0.97 0.98 99.2 0.98 0.97 0.98 99.2
KNN 1 0.97 0.98 99.39 1 0.97 0.98 99.39
Decision tree 1 0.97 0.98 99.46 1 0.97 0.98 99.46
SVM 0.99 0.97 0.98 99.34 0.99 0.97 0.98 99.34
Naïve bayes 0.93 0.8 0.86 95.68 0.93 0.8 0.86 95.68

Training: 60% - Testing : 40%
Random forest 0.99 0.99 0.99 99.54 0.99 0.99 0.99 99.54
Logistic regresssion 0.98 0.97 0.98 99.2 0.98 0.97 0.98 99.2
KNN 1 0.97 0.98 99.39 1 0.97 0.98 99.39
Decision tree 1 0.97 0.98 99.46 1 0.97 0.98 99.46
SVM 0.99 0.97 0.98 99.34 0.99 0.97 0.98 99.34
Naïve bayes 0.93 0.8 0.86 95.68 0.93 0.8 0.86 95.68

and F1-scores, particularly with larger training datasets
(e.g., 80%-20% split). Similarly, KNN performs well,
showing minimal accuracy loss as the training size
decreases, while Logistic Regression and SVM maintain
stable performance with F1-scores close to 0.99,
showcasing resilience across feature sets and splits.
Decision Tree achieves perfect scores for most metrics
but is more consistent at higher training percentages. Naïve
Bayes, while slightly less accurate (around 91%), remains

competitive with its F1-scores, making it suitable for specific
scenarios.

The results also demonstrate that random sampling
techniques such as oversampling, under-sampling and
SMOTE improve model performance significantly. KNN
excels with SMOTE or unsampled datasets, whereas
Logistic Regression performs best with Random
Oversampling or Under Sampling. Random Forest and
Decision Tree exhibit robust and consistent results across

Filter-based Optimized Feature Descriptors for Detecting Clinical Mastitis in Cattle using Random Forest Classifier Model

Fig 10: ROC for Random Forest classifier for mastitis detection when dataset is sampled using a) Random over-sampler; b)
Random under-sampler; c) SMOTE; d) Unsampled.
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sampling methods, with better performance using Feature
Set F1 compared to F2. These findings emphasize the
importance of sampling techniques and feature optimization
for improving the accuracy and reliability of mastitis
detection systems.

Overall, Random Forest and Decision Tree emerge
as the most reliable classifiers, achieving superior
performance across various configurations and the results
are further supported by the ROC curve (Fig 10),
underscoring the effectiveness of the proposed feature sets
and data sampling strategies.

CONCLUSION
A technical investigation on detection of mastitis in dairy
cattle is made with use of machine learning models with
leveraging features through feature selection. A comparison
between mastitis detection model using machine learning
model trained using dataset randomly sampled using
SMOTE, random over-sampler, random under-sampler
proves Random Forest classifier show significant
performance with average accuracy (99.25%) and avg.
precision (0.99) when the dataset is sampled using
random over-sampler, random under-sampler, SMOTE and
unsampled data under varying training and testing split
and under different feature set for mastitis detection. The
use of feature selection approach makes the model
generalized. By filter-based feature selection high
correlating features to the target are chosen for mastitis
detection algorithm construction. The purpose of various
random sampling approaches is to balance the dataset
alongside defining Random under sampler to be best
method for the dataset since the random over-sampler
leads to overfitting of model. Our research underscores
the promise of machine learning-based methods for
precise and effective detection of cow diseases. Infrared
thermographic image-based detection of mastitis in cattle
during early stages is a promising avenue for future
enhancement, stimulating innovative techniques to improve
detection and ultimately the health of livestock.
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