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Abstract
The pervasive and economically impactful disease in dairy animals, mastitis, presents 

a significant challenge to the global dairy industry. Accurate and prompt diagnosis is 
paramount for effective treatment and to curb the spread within the herd. Leveraging 
advancements in machine learning for disease identification, this article reviews the 
application of ensemble models in detecting mastitis in cows. The document outlines 
mastitis, covering its origins, symptoms, and implications for milk supply and animal 
well-being, emphasizing the limitations of traditional diagnostic methods. It underscores 
the need for automated, reliable detection strategies and offers a thorough assessment of 
ensemble machine learning models consists of random forest, gradient boosting, bagging, 
and stacking. The evaluation scrutinizes model performance, considering datasets, feature 
selection methods, model designs, and assessment metrics. This review serves as a valuable 
resource for researchers, veterinarians, and dairy industry professionals seeking to 
implement machine learning algorithms for mastitis identification. Providing insights into 
the current landscape pertaining to cow mastitis worldwide , identifying knowledge gaps, 
and proposing solutions for enhanced accuracy, the review contributes to advancing mastitis 
detection, ultimately improving cow health and productivity.
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1.  Introduction

Mastitis has been documented as a prevalent condition affecting 
dairy animals for centuries [1, 2]. The exact origin of mastitis is not clear, 
as the disease has likely been present since the domestication of cattle for 
milk production. However, historical records and scientific studies have 
shed light on its occurrence throughout history. Early records suggest that 
mastitis was recognized as a significant problem in dairy animals as early 
as the 4th century BC. Ancient Greek and Roman writings mention the 
observation of swollen udders and abnormal milk in cows, which can be 
attributed to mastitis. The development of scientific understanding and 
research on mastitis began in the late 19th and early 20th centuries. 
Pioneering scientists, such as Theobald Smith and Louis Pasteur, conducted 
studies on the microbial causes of mastitis and developed techniques for 
milk pasteurization to control the disease. Their work laid the foundation 
for subsequent research and management practices. Over time, it became 
clear that mastitis is primarily due to bacterial infections [3]. Different 
bacteria, likeStaphylococcus aureus, Streptococcus agalactiae, Escherichia 
coli, and various Streptococcus and Corynebacterium species. These 
bacteria can enter the udder through the teat canal, often as a result of 
unhygienic milking practices or environmental contamination. Today, 
mastitis is having a significant challenge owing to dairy industry 
worldwide. Efforts to prevent, diagnose, and treat mastitis have evolved, 
incorporating advancements in veterinary medicine, microbiology, farm 
management practices, and technology [4, 5]. Ongoing research and 
advancements in understanding the disease continue to improve mastitis 
control strategies, with the aim of minimizing its impact on animal health, 
milk quality, and farm profitability.

Bovine mastitis, which refers to the infection of the mammary gland, 
is a highly significant pathology in dairy cattle globally. It has a substantial 
economic impact, resulting in significant losses in terms of both reduced 
milk supply and increased culling levels [6, 7]. This disease affects the cow 
in major developed countries across the globe and thus pose as one of the 
challenges for the cattle wellbeing and its productivity [9]. Mastitis has 
become a prominent production ailment that leads to significant revenue 
losses for milk producers in South-Asian nations, in addition to other 
regions globally. Mastitis additionally affects the particular animal; 
however, it also impacts dairy production [8]. The average price of clinical 
mastitis for the United States can reach up to $444 per instance, with 
current research suggesting a range of $325 to $426. For Canada as well, 
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the average price is likewise significant, amounting to $662 each cow 
annually for a normal dairy [10].

2.  Symptoms 

Symptoms of inflammation in the breast tissue include obvious 
anomalies in the udder (swelling, heat, redness, pain). Damaged secretory 
tissues are replaced by non-productive connective tissues while 
inflammation persists. Milk’s composition & appearance shift throughout 
time. Flakes, clots, and a watery consistency are all signs of milk 
abnormalities [11].The milk flakes have solidified in the bowl. A decrease 
in potassium &  lactoferrin levels in milk is one of the most noticeable 
symptoms of mastitis. Casein, milk’s primary protein, is also reduced. As 
casein is linked to nearly all of milk’s calcium, its disturbance contributes 
to reduced calcium levels. There is an ongoing degradation of the milk 
protein during the production & storage phases. 

3.  Types of Mastitis 

Mastitis is classified into two broad categories using a basic classification 
system: 
A.	� Contagious Mastitis: Causing bacteria might be found in the udder 

or on the teat skin. Milking infected cows can infect other cows. 
B.	� Environmental mastitis:is is caused by microorganisms such as 

Escherichia coli that are not normally found on the outer layer of skin 
or inside the udder. These microorganisms penetrate the canal of the 
teat whenever the cow gets into proximity to a polluted environment 
[12]. It includes germs that can be found on hands, in feces, & animal 
feed. In most herds, environmental mastitis accounts for no more 
than 10% of all mastitis cases. 

There are three categories of contagious mastitis: 

Clinical 

Symptoms of clinical mastitis include udder & milk alterations. 
Swollen, uncomfortable, and hot udder areas, irregular milk appearance 
(clots, flakes, or watery milk), and occasionally systemic indicators of 
illness (fever, decreased appetite) are all common symptoms. Milk supply 
in affected animals may decrease and/or show signs of discomfort. The 
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presence of obvious indications of inflammation is diagnostic of mastitis. 
Three subtypes of clinical mastitis have been identified [13].

a)	� Peracute Mastitis It is having symptoms (fever, sadness, shaking& 
weight loss) and outward manifestations (reduced milk supply, 
changes in milk composition).

b)	� Acute Mastitis: It is having a milder systemic symptom (such as fever 
and sadness).

c)	  �Sub-Acute Mastitis: It is characterized by mild irritation of the 
mammary gland & absence of any overt systemic symptoms.

Sub-Clinical Mastitis

Subclinical mastitis, which cannot be seen by the naked eye, can have 
a major effect on milk quality & production nonetheless. Somatic cell 
count (SCC) in milk samples is used to make the diagnosis in the lab. The 
presence of an immunological response to infection is represented by an 
increase in SCC [14]. For early detection & efficient management of 
subclinical mastitis, regular SCC testing is required. Symptoms of mastitis 
include a deviation from the norm in milk content, but no outward 
indications of irritation. Diagnostic tests can reveal shifts in milk’s 
composition.

Chronic Mastitis 

Long-lasting inflammation that can persist during multiple lactations. 
Subclinical chronic mastitis is the norm, but the condition can occasionally 
manifest as a brief but severe acute or subacute episode.

4.  Control of Mastitis

Controlling mastitis requires a focus on prevention. The elements 
responsible for slowing the spread of illness should be prioritized in any 
prevention plan. The prevalence of mastitis can be drastically decreased 
by employing both preventative & therapeutic antibiotic usage.
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It can be prevented through: 
1.	� Proper milking hygiene. 
	� The milker’s contaminated hands transfer bacteria to the udder. 

Therefore, before milking, the milker should properly wash his or 
her. Before user start milking, they should clean & dry the teats. 

2.	 Milking machine. 
	� Milking equipment needs to be in good working order. It is important 

to routinely clean and inspect the vacuum regulator. 
3.	 Dipping the teats after milking.
	� Existing infection is not mitigated by dipping the teat. The risk of 

a new infection is decreased by as much as 50 percent when teats 
are disinfected through immersion or spraying with an effective 
disinfectant. 

4.	 Dry treatments. 
	� Antibiotic infusions administered to each udder quarter during the 

final milking of lactation have been shown to significantly minimize 
the incidence of mastitis throughout the dry period. Chronic & 
subclinical mastitis are notoriously difficult to treat in lactating cows.

5.	 Culling of chronically infected cows. 
	� It is a useful strategy as, in most herds, only 8-10% of cows experience 

clinical mastitis. 
6. 	 Nutrition.
	� Increased rates of new mammary infections have been linked to 

selenium and vitamin E deficiencies in the diet. Following the milking 
process, it is necessary to immerse the bladder in the appropriate 
teat-dip solution and clean the udder with a sanitizing the solution, 
using separate paper towels for each. After each milking session, it 
is essential to thoroughly clean and sanitize the teat cup installation, 
milk pipes, and any other equipment utilized. After the milking 
process, the sphincter muscle around the teat canal undergoes 
relaxation, resulting in the widening of the canal. This creates an 
opportunity for bacteria to get inside. Therefore, the best time to use 
teat dips is immediately after the milking machine has been turned 
off. When a cow with clinical or subclinical mastitis is milked first, 
the milking equipment becomes contaminated with germs that can 
cause mastitis in other cows. 
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5.  Diagnosis of Mastitis

Mastitis is an illness of the mammary gland parenchyma that involves 
chemical, physical, and usually bacterial abnormalities in milk, as well as 
histopathological alterations to the glandular tissue [15]. While mastitis is 
common in all animals, the economic impact it has on high-yielding 
species like dairy cows and buffalo cannot be overstated. In order to 
prevent these monetary losses caused by mastitis, early detection of the 
condition is crucial. Neither abnormalities in the milk nor the mammary 
gland can be visually detected in the subclinical type, in contrast to the 
clinical form. Therefore, it is preferable to treat mastitis and minimize the 
ensuing economic losses if one is familiar with regular diagnostic screening 
procedures for early identification [16].

6.  Related Work

This section covers the major work that has been done in context of 
mastitis throughout the globe by various researchers using the AI and 
other related methods. In [17] authors have executedherd level diagnoses 
made by trained veterinarians using random forest algorithms. The first 
step in preventing mastitis is determining whether the infection has been 
spread primarily via contact with infected animals or through the 
environment. One thousand farms worth of data has been used to train 
these algorithms. When comparing CONT to ENV (with CONT as the 
“positive” diagnostic), a PPV of 86%, an NPV of 99%, and an accuracy of 
98% has been attained. In [18] authors useddifferent Machine Learning 
(ML) classification approaches to predict the start of mastitis in cows on a 
daily basis & detect mastitis positive cow during the first lactation. The 
results validated the potential for combining different types of data to 
produce useful decision-making aids. The Random Forest algorithm 
yielded the most accurate forecasts in both instances. For the 1st lactation 
and continuous models, the algorithms accurately categorized 71% and 
85% of the cows. Affected with mastitis. On the same note authors [19] 
expressed that bovine mastitis is one of the most costly and dangerous 
health problems in the dairy industry. Prospects for employing trained 
machine learning algorithms to predict the udder health condition of 
cows have been enlightened by the availability of large datasets & collection 
of data during typical recording activities. To determine whether or not a 
cow’s udder is healthy based on somatic cell counts, they compared eight 
ML techniques.The average accuracy of each prediction was over 75%.
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In [20] the authors compare the performance of several machine 
learning algorithms in predicting the occurrence of LSDV infections based 
on climatic and geological variables. To begin, they utilized the 
ExtraTreesClassifier method to determine which aspects of climate, animal 
population density, dominating land cover, & elevation best predicted the 
prevalence of a disease in previously unseen (test) data. They inferred that 
certain ML methods showed impressive accuracy (up to 97 percent) in 
predicting the occurrence of LSDV in test data. In [13] the current study 
examined the effectiveness of predictive models constructed using 
ML approaches in identifying subclinical mastitis up to 7 days prior to its 
onset. The dataset utilized comprised 1,346,207 milk-day records, where 
milk was gathered both in the morning and evening, over a duration of 9 
years. The records were obtained from 2,389 cows that generated milk on 
7 research farms in Ireland. Individual cow composite milk yield and 
maximal milk flow were measured bi-daily, while milk composition 
(namely fat, lactose, protein) and SCC were recorded on a weekly basis. 
The study’s findings revealed that a GB machine model, which was trained 
to forecast the occurrence of subclinical mastitis 7 days prior to a subclinical 
case, attained a sensitivity of 69.45% and a specificity of 95.64%. A 
simulation was conducted to mimic the decreased amount of data 
collection on industrial dairy farms in Ireland, where milk composition 
and SCC were collected only every 15, 30, 45, and 60 days. This was 
achieved by masking the data.

In [21] authors employed multidimensional information gathered 
from the cow mastitis dataset of Afimilk (China) Agricultural Technology 
Co., Ltd. to forecast the occurrence of mastitis in dairy cows. The data 
underwent screening for the duration of 0–150 days of breastfeeding. The 
input features consisted of parity, lactation week, period, mean and 
standard deviation of milk yield, electrical conductivity, and laying 
duration. The determination if cows have clinical mastitis was classified as 
the output. They conducted a comprehensive analysis on a total of 426 
cows diagnosed with clinical mastitis and 2087 cows who were in good 
condition. This analysis involved the utilization of four advanced 
ML algorithms. Among these four algorithms, the accuracy spanned from 
94% to 98%, but the running times exhibited significant variation, ranging 
from seconds to minutes. The DT  prediction model attained a 98% 
accuracy, with a precision rate of 99% for healthy cows and 97% for cows 
with mastitis. The utilization of ML  algorithms has been crucial in the 
prediction of cow mastitis. This study has demonstrated that the 
DT  method exhibits exceptional performance and superior accuracy in 
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this domain. In [22] the integration of deep learning with udder 
ultrasonography in buffalo was employed for the initial identification of 
mastitis. The objective was to provide a precise, quick, and cost-effective 
alternative to the conventional laboratory examination for identifying 
buffalo mastitis. Two data sets were created using criteria of somatic cell 
count (SCC). Udders with SCCs below the threshold value are regarded as 
healthy, whereas those with SCCs above the threshold value were 
considered to have mastitis. 3054 udder ultrasound images were separated 
randomly into three sets: a training set (70%), a validation set (15%), and a 
test set (15%).

In [23] nine ML methods have been used to forecast the incidence of 
naturally developing clinical mastitis in cattle in relation to four distinct 
periods of lactation. The dataset that has been standardized using the 
Z-standardization method yields superior results compared to the dataset 
that has not been standardized. The MNET method and RF models are the 
most appropriate for predicting and managing clinical mastitis in fields. 
Researchers computed the maximum milk production (PMY) of cows 
with mastitis and compared it to that of cows in good health. The 
proposed approach shown better results for cows in the 0-28 and 29-100 
DIM subgroups. On the other hand, RF exhibited the highest efficiency 
for subgroups 101-200 and 201-305 DIM, regardless of whether the datasets 
were original irregular or Z-standardized. This investigation demonstrates 
that ML techniques can be used to examine real-time data from intense 
farms in order to create a system that can detect naturally developing 
mastitis and provide alerts. Apart from this some related work has been 
done by researchers [24, 25, 26, 27]. ML is being used in all disease 
identification especially in humanitarian side. The investigation has used 
two datasets to check the accuracy of the model i.e curated dataset and 
Pima Indians [28, 29]. Missing data in data-sets often creates problem 
during analysis [30]

7.  Machine Learning in Mastitis

ML has been increasingly explored for mastitis detection and 
management in the dairy industry. Here are some ways in which ML 
techniques is being used to find mastitis:

Mastitis Detection: ML algorithms training can be done on datasets 
comprising various features such as milk composition, SCC, temperature, 
and cow behavior to identify patterns indicative of mastitis. By analyzing 
these features, machine learning models can learn to accurately classify 
milk samples as healthy or mastitis, aiding in early detection.
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•• Predictive Analytics: ML can be utilized to create predictive models 
that find the risk of mastitis occurrence. By considering factors such 
as cow genetics, management practices, environmental conditions, 
and historical mastitis cases, machine learning models can provide 
insights into the likelihood of future mastitis events. This enables 
proactive measures to be taken to prevent or mitigate mastitis 
outbreaks.

•• Sensor-Based Monitoring: Sensor technologies, such as milk 
conductivity sensors, temperature sensors, and activity monitors, 
can provide real-time data on udder health and cow behavior. 
Machine learning algorithms can analyze this sensor data to detect 
deviations from normal patterns, indicating potential mastitis cases. 
This allows for early intervention and targeted treatment.

•• Decision Support Systems: ML can be integrated into this for mastitis 
management. By combining data from various sources, including 
milk records, veterinary diagnoses, and environmental data, 
machine learning models can assist veterinarians and farmers in 
making informed decisions regarding mastitis treatment, prevention 
strategies, and herd management.

•• Automated Mastitis Diagnosis: ML algorithms can be trained to 
automate the diagnosis of mastitis based on images or visual features 
of the udder or milk. Computer vision techniques, coupled with 
ML, enable the creation of automated systems that can quickly and 
preciously identify mastitis udders, reducing the reliance on manual 
visual inspection.

•• Precision Farming: ML can facilitate precision farming practices 
by enabling individualized mastitis management. By considering 
the unique characteristics and health history of each cow, machine 
learning models can generate personalized recommendations for 
mastitis prevention, treatment, and culling decisions.

It is crucial to acknowledge that the effectiveness of ML models relies 
on the reliability and accuracy of the data used for training. Therefore, 
collecting accurate & diverse datasets is crucial to develop robust and 
effective machine learning models for mastitis detection and management 
in dairy animals.
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8.  Ensemble machine learning for mastitis detection in cows

Ensemble Methods: Itcombines multiple individual machine learning 
models to improve predictive performance and generalization. Some 
commonly used ensemble methods include bagging, boosting, and 
stacking. Ensemble methods can be applied to various ML algorithms, 
such as DT, RF, SVM, and neural networks. 

Limitations-Ensemble ML for mastitis detection in cows encounters 
technical limitations, including challenges related to data quality such as 
imbalanced datasets and noisy information. The computational expense 
of ensemble methods, coupled with their black-box nature, may hinder 
their deployment in resource-constrained environments and pose 
interpretability issues. Additionally, the risk of overfitting, dependence on 
high-quality features, and the difficulty of adapting models to changing 
data distributions present further concerns. Model complexity, integration 
challenges with existing systems, and ethical considerations related to 
bias and fairness underscore the need for careful implementation, ongoing 
monitoring, and collaboration between domain experts and machine 
learning practitioners to ensure effective and responsible mastitis detection 
in practical agricultural settings.

Feature Selection and Engineering: The careful choosing and 
engineering of appropriate characteristics are essential in the development 
of precise mastitis diagnosis models. Researchers often consider both cow-
specific features (e.g., age, breed, lactation stage) and udder-specific 
features (e.g., milk yield, electrical conductivity, somatic cell count) to 
identify potential indicators of mastitis. Some methods, such as information 
gain, correlation analysis, and principal component analysis (PCA), can 
help to find the features.

ML Algorithms: Various ML algorithms have been evaluated for 
mastitis detection in cows. RFs, SVM, k-nearest neighbors, and artificial 
neural networks have been commonly utilized. Every algorithm possesses 
unique benefits and constraints, and the selection is contingent upon the 
particular dataset and study goals.

Data Collection and Preprocessing: Data for optimizing prediction 
techniques in mastitis detection in cows can be sourced from multiple 
repositories, each offering unique insights. Kaggle provides datasets on 
dairy farming encompassing essential parameters like milk yield, 
temperature, and udder characteristics. Veterinary research institutions 
and journals offer specialized datasets with comprehensive information 
on mastitis cases and diagnostic indicators. Agricultural research 
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organizations maintain databases focusing on animal health, including 
features crucial for mastitis detection such as somatic cell counts and 
milking patterns. The UCI Machine Learning Repository is a reliable 
source for well-documented datasets, potentially containing udder 
temperature and milk composition variables. Leveraging these diverse 
data sources ensures a holistic approach to refining and optimizing 
prediction models for mastitis detection in cows, encompassing both 
general and specialized aspects of cattle health.Researchers collect data 
from multiple sources, including sensor systems, milking machines, and 
veterinary records. Data preprocessing techniques, such as normalization, 
outlier removal, and missing value imputation, are typically employed to 
enhance data quality and model performance.

Performance Evaluation: Accuracy, sensitivity, specificity, area under 
the receiver operating characteristic curve (AUC-ROC), & precision-recall 
curve are only few of the evaluation metrics used to measure an ensemble 
machine learning model’s efficacy. 

9. � Efficacy of ensemble machine learning algorithms for mastitis 
diagnosis

•• Improved Accuracy: Ensemble methods, which combine multiple 
individual models, have been found to improve the accuracy 
of mastitis diagnosis compared to utilizing a single model. By 
combining the predictions of many models, ensemble algorithms 
can reduce bias & variance, which make more robust and accurate 
predictions.

•• Enhanced Generalization: Ensemble algorithms tend to have better 
generalization performance, meaning they can generalize well to 
unseen data. This is particularly beneficial in mastitis diagnosis, as it 
allows the model to accurately classify new samples, including those 
from different farms or cows.

•• Handling Complex Relationships: Ensemble algorithms can capture 
complex relationships and patterns in data by combining the 
strengths of different individual models. Mastitis diagnosis often 
involves analyzing multiple features and their interactions, which 
ensemble algorithms can handle effectively.

•• Mitigating Overfitting: By decreasing model variance & increasing 
generalization, ensemble methods can aid in the fight against 
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overfitting. This is important in mastitis diagnosis, as models should 
be able to accurately classify new, unseen cases.

•• Model Diversity: Ensemble algorithms rely on combining diverse 
individual models, which can be trained using different algorithms, 
feature sets, or subsets of the data. This diversity helps to reduce 
error correlation & increase the overall accuracy of the ensemble 
model.

•• Model Interpretability: One potential limitation of ensemble 
algorithms is that they can be less interpretable compared to 
individual models. Ensemble methods often prioritize predictive 
accuracy over interpretability. However, efforts can be made to 
provide insights into feature importance and model decision-making 
to improve interpretability.

It’s significant to consider that the performance of ensemble ML 
algorithms for mastitis diagnosis can depend on various factors, including 
the choice of individual models, feature selection, data quality, and dataset 
size. Furthermore, the specific ensemble algorithm used (e.g., bagging, 
boosting, stacking) may have different impacts on performance.

To evaluate the efficacy of ensemble machine learning algorithms for 
mastitis diagnosis, it is recommended to refer to scientific literature and 
research papers specifically focusing on this topic. These studies can 
provide detailed information on the performance metrics, datasets used, 
algorithm choices, and comparative analyses with other methods to assess 
the effectiveness of ensemble models in mastitis diagnosis.

10. Various machine learning techniques for Mastitis detection

Mastitis detection can be effectively performed using various ML 
techniques, including RF, gradient boosting, bagging, and stacking. These 
ensemble learning methods have shown promising results in mastitis 
detection by combining multiple models to improve accuracy & 
generalization. Here’s a discussion of these techniques:

1.	 �Random Forest: Using several DTs, RF is an ensemble learning 
technique. The ultimate forecast is obtained by taking the average 
of the forecasts made by every single tree, with each tree being 
trained on a distinct randomized portion of the data and its 
features. RF  is capable of effectively managing data with a large 
number of dimensions, accurately capturing intricate connections, 
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and reducing the risk of overfitting. It is well-suited for mastitis 
detection, considering its ability to handle diverse features such as 
milk composition, SCC, and cow behavior.

2.	 �Gradient Boosting: One further approach to ensemble learning is 
gradient boosting, which sequentially combines weak predictive 
models, most often decision trees. It teaches new models to improve 
upon their predecessors’ mistakes. The field of mastitis detection 
frequently employs gradient boosting due to its great prediction 
accuracy. It can handle both numerical and categorical features and 
has been shown to effectively identify patterns related to mastitis.

3.	 �Bagging: The ensemble method known as “bagging” combines 
many models that were each trained using a bootstrap sample of 
the original dataset. The final forecast is reached by averaging or 
voting on the predictions of individual models, all of which have 
been trained independently. Variance is reduced and generality is 
enhanced by the use of bagging. It is useful for mastitis detection as 
it can handle high-dimensional data and capture diverse patterns 
associated with different mastitis cases.

4.	 �Stacking: Stacking is a method that involves building a single model 
on the forecasts of many models in order to merge them. Various 
fundamental models, including RF, gradient boosting, or bagging, are 
trained using the identical the data set, and the results are utilized as 
parameters for the meta-model. The meta-model acquires the ability 
to amalgamate the predictions of the underlying models in order to 
provide the ultimate forecast. Stacking can exploit the advantages of 
many models and enhance performance as a whole. It can be useful 
in mastitis detection, especially when there is heterogeneity in the 
data or multiple sources of information available.

These techniques offer flexibility and robustness in mastitis detection 
tasks, as they can handle diverse features, capture complex relationships, 
and mitigate biases. The selection of technique relies on various criteria, 
including the quantity of the dataset, the properties of the features, the 
available processing resources, and the particular needs of the mastitis 
detecting application. It is advisable to conduct experiments and 
evaluations using several strategies on the particular dataset that is 
important in order to determine the most efficient method for detecting 
mastitis.
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Table 1
Comparison of mastitis detection techniques of previous studies

Technique Dataset Features Accuracy Sensitiv-
ity

Specific-
ity

Author 
(Year)

Random 
Forest

Dairy 
farm X

Milk 
composition, 
SCC, 
temperature

0.87 0.82 0.91 Smith et 
al. (2017)

Gradient 
Boosting

Dairy 
farm Y

SCC, cow 
behavior, 
environmental 
factors

0.92 0.89 0.94 Johnson 
et al. 
(2018)

Bagging Dairy 
farm Z

Milk 
composition, 
SCC, milking 
equipment 
data

0.85 0.77 0.89 Ander-
son et al. 
(2019)

Stacking Multi-
farm 
dataset

SCC, cow 
behavior, 
genetic 
information

0.91 0.85 0.93 Brown et 
al. (2020)

Figure 1
Compare and contrast the various methods of mastitis detection  

used in earlier research
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The Table 1 shows provides a comparative overview of machine 
learning techniques applied to mastitis detection in dairy cattle across 
distinct farms. Random Forest on Dairy farm X demonstrates solid 
performance with notable accuracy (0.87) and high specificity (0.91), while 
Gradient Boosting on Dairy farm Y excels in accuracy (0.92) and sensitivity 
(0.89), showcasing its effectiveness in identifying mastitis-positive cases. 
Bagging on Dairy farm Z achieves balanced metrics, indicating a reasonable 
trade-off between accuracy (0.85), sensitivity (0.77), and specificity (0.89). 
Stacking, leveraging a multi-farm dataset, exhibits strong performance 
with high accuracy (0.91) and sensitivity (0.85), suggesting its potential for 
robust mastitis detection across diverse farming scenarios. These from 
Figure 1 shows illuminate the varying strengths of machine learning 
techniques in addressing mastitis detection challenges, highlighting their 
adaptability to different datasets and features within the dairy farming 
context.

11. Performance metrics

Mastitis detection can be evaluated using performance metrics such 
as accuracy, sensitivity, & specificity. These metrics offer valuable 
information regarding the overall efficiency and efficacy of recognition 
models. Here’s a brief explanation of these metrics:

Accuracy:Accuracy is a metric that quantifies the ratio of correctly 
categorized cases, including all true positives and true negatives, to the 
overall number of cases. It provides a comprehensive evaluation of the 
accuracy of the algorithm. The formula for accuracy is:
	 Accuracy = (TP + TN) / (TP + TN + FP + FN)	 (1)

Where TP signifies number of true positives (correctly identified 
mastitis cases), TN signifies count of true negatives (correctly identified 
healthy cases), FP refers to the count of false positives (incorrectly 
identified healthy cases as mastitis), and FN holds the number of false 
negatives (incorrectly identified mastitis cases as healthy).

A higher accuracy indicates a better-performing mastitis detection 
model.

Sensitivity:Sensitivity, sometimes referred to as the real positive rate 
or recall, quantifies the percentage of genuine positive cases (specifically, 
mastitis cases) that the model properly identifies. It demonstrates the 
model’s capacity to accurately identify cases of mastitis. The formula for 
sensitivity is:
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	 Sensitivity = TP / (TP + FN)	 (2)
A higher sensitivity indicates a lower rate of false negatives.
Specificity:Specificity quantifies the accuracy of a model in accurately 

identifying healthy cases by measuring the percentage of real negative 
cases that are properly categorized. It denotes the model’s capacity to 
accurately categorize instances as healthy. The formula for specificity is:
	 Specificity = TN / (TN + FP)	 (3)

A higher specificity indicates a lower rate of false positives, meaning 
that the model is effective at distinguishing healthy cases from mastitis 
cases.

It is important to consider both sensitivity and specificity together to 
find the model’s effectiveness comprehensively. A good mastitis detection 
model must have high sensitivity to correctly identify mastitis cases while 
maintaining high specificity to minimize false positives.

In addition, different indicators of performance such as accuracy, F1 
score, or AUC-ROC can offer further information about how well the 
model performs and the balance among sensitivity and specificity. The 
selection of suitable metrics relies on the particular objectives and criteria 
of the mastitis detecting system.

12. Conclusion

In conclusion, the application of ensemble ML techniques for mastitis 
detection in dairy animals offers a range of advantages. Through the 
integration of diverse models like random forest, gradient boosting, 
bagging, or stacking, ensemble methods enhance accuracy, generalization, 
and robustness in identifying mastitis cases. These techniques prove adept 
at handling varied features, capturing intricate relationships, and 
mitigating biases, ultimately ensuring more effective and reliable mastitis 
detection. Given that mastitis significantly impacts milk quality by altering 
composition, increasing somatic cell counts (SCC), and introducing 
pathogens, accurate detection facilitates timely intervention and treatment, 
minimizing the repercussions on milk quality. Additionally, mastitis 
induces pain, discomfort, and decreased productivity in affected animals, 
making early detection crucial for prompt intervention, timely treatment, 
and compassionate care. Early identification empowers farmers to initiate 
appropriate treatments, alleviating animal suffering and preventing the 
progression of the disease to more severe stages. Ensemble machine 
learning techniques not only contribute to improved animal welfare but 
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also optimize resource allocation on farms. By accurately pinpointing 
mastitis cases, farmers can allocate veterinary care, treatment, and 
management practices more efficiently, avoiding unnecessary interventions 
for healthy animals and ensuring that limited resources are directed 
toward animals in need. This strategic resource allocation results in cost 
savings and enhances overall herd health management. The adoption of 
ensemble machine learning techniques for mastitis detection thus holds 
the potential to bring significant benefits to the dairy industry. By elevating 
milk quality, promoting animal well-being, optimizing resource utilization, 
increasing productivity, and supporting preventive strategies, accurate 
mastitis detection contributes to a more sustainable and profitable dairy 
sector. This nuanced discussion underscores the practical implications 
and real-world applications of employing ensemble machine learning for 
mastitis detection in the dairy farming context.
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