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Simple Summary: We developed a computational model by employing machine learning method-
ologies in order to perform predictions regarding the level of prevalence of mastitis in dairy sheep
farms. Data for the development of the model were obtained from the findings of a study performed
countrywide in Greece in 111 sheep farms. Unsupervised learning methodology was applied for
clustering data into two clusters, one with high and one with low prevalence of subclinical mastitis,
and, subsequently, a computational model was obtained by means of Support vector machines. The
model was verified by taking into account the findings of two subsequent studies in dairy sheep
farms, which were performed independently of the initial study. The overall accuracy of the model
for the estimation of the level of prevalence of the infection (<25.0%/≥25.0%) in dairy sheep farms
was >96%. The findings of this study indicate that machine learning algorithms can be usefully
employed in predicting the level of subclinical mastitis in dairy sheep farms, which will help farmers
set up appropriate health management measures for controlling the infection.

Abstract: The objective of the study was to develop a computational model with which predictions
regarding the level of prevalence of mastitis in dairy sheep farms could be performed. Data for
the construction of the model were obtained from a large Greece-wide field study with 111 farms.
Unsupervised learning methodology was applied for clustering data into two clusters based on
18 variables (17 independent variables related to health management practices applied in farms,
climatological data at the locations of the farms, and the level of prevalence of subclinical mastitis
as the target value). The K-means tool showed the highest significance for the classification of
farms into two clusters for the construction of the computational model: median (interquartile
range) prevalence of subclinical mastitis among farms was 20.0% (interquartile range: 15.8%) and
30.0% (16.0%) (p = 0.002). Supervised learning tools were subsequently used to predict the level of
prevalence of the infection: decision trees, k-NN, neural networks, and Support vector machines.
For each of these, combinations of hyperparameters were employed; 83 models were produced, and
4150 assessments were made in total. A computational model obtained by means of Support vector
machines (kernel: ‘linear’, regularization parameter C = 3) was selected. Thereafter, the model was
assessed through the results of the prevalence of subclinical mastitis in 373 records from sheep flocks
unrelated to the ones employed for the selection of the model; the model was used for evaluation
of the correct classification of the data in each of 373 sets, each of which included a test (prediction)
subset with one record that referred to the farm under assessment. The median prevalence of the
infection in farms classified by the model in each of the two categories was 10.4% (5.5%) and 36.3%
(9.7%) (p < 0.0001). The overall accuracy of the model for the results presented by the K-means
tool was 94.1%; for the estimation of the level of prevalence (<25.0%/≥25.0%) in the farms, it was
96.3%. The findings of this study indicate that machine learning algorithms can be usefully employed
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in predicting the level of subclinical mastitis in dairy sheep farms. This can facilitate setting up
appropriate health management measures for interventions in the farms.

Keywords: machine learning; mastitis; prediction; sheep; support vector machines

1. Introduction

In dairy sheep, mastitis causes significant financial effects due to the reduction in
milk yield, the downgrading of milk quality, and the rejection of milk after antibiotic
administration. Subclinical mastitis is the most frequent disorder contributing to the ‘milk-
drop syndrome in ewes’ (in >85% of such cases), a syndrome defined at the flock level and
characterized by the reduced milk yield of ewes [1]. Moreover, mastitis has been considered
to be an important welfare problem in sheep flocks [2,3].

Machine learning, which is a subfield of artificial intelligence, focuses on the develop-
ment of algorithmic models that can enable learning and improving performance on specific
tasks without explicit programming. In machine learning, an algorithm can be trained
based on a particular dataset to recognize patterns and to make predictions or decisions
based on that dataset. The two main types of machine learning refer to ‘supervised learning’
(an approach where the algorithm is trained on a labeled dataset with each input paired
to the correct output, with the algorithm learning to correspond inputs to outputs and to
make predictions or decisions based on new, previously unseen data) and ‘unsupervised
learning’ (an approach where the algorithm is provided with a dataset with no labeled
outcomes, aiming to uncover hidden patterns or structures therein, e.g., clustering similar
data points together or dimensionality reduction) [4–6].

Machine learning can be used widely and has been gaining popularity in various
scientific and technological fields, including the diagnosis of diseases. Many recent papers
have illustrated examples of disease diagnosis based on machine learning and described
an increased efficiency in cost and time [7,8]. Diagnostic processes based on machine
learning are considered to have few limitations, and, moreover, the procedure cannot be
overwhelmed by factors associated with human nature, e.g., fatigue. More often, for the
creation of models for disease diagnosis based on machine learning, data in tabular or
visual form may be employed [7].

A recent topic search in the Web of Science database under the terms [[mastitis OR
*mammary infection*] AND [artificial intelligence OR [machine learning OR machine-learning]
OR deep learning OR decision tree* OR vector machine* OR naive Bayes OR k-nn OR neuronic
OR anomaly detection OR association rules OR recommendation systems OR algorithm* OR
architecture* OR optimization]] revealed a total of 65 original articles; of these, 59 articles
(91%) described studies on the diagnosis of mastitis [9]. In most cases, these articles referred
to the prediction of the development of acute clinical [10,11] or subclinical [12,13] mastitis
in individual cows. Indeed, only one article referred to the diagnosis of mastitis at the
population level in dairy cattle farms [14]. Fewer articles (14%) referred to the treatment
of mastitis in cattle as guided by machine learning [15,16]. With regard to the approaches
of machine learning, only one of these articles employed methodologies of unsupervised
learning. The methodologies employed most frequently in the studies described in the
published articles were decision trees (in 68% of published articles) and Support vector
machines (in 28% of published articles) [9].

Notably, no article has been published thus far on the use of machine learning in
mastitis in sheep.

Thus, the lack of any relevant studies on the application and use of artificial intelligence
methodologies in ovine mastitis becomes evident. The specific objective of the present study
was to develop a computational model with which predictions regarding the prevalence of
mastitis in dairy sheep farms could be performed. Our hypothesis was that by employing
specific variables related to flock health management and the climatological patterns
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present at the location of farms, predictions could be made regarding the prevalence of
subclinical mastitis in sheep flocks.

2. Materials and Methods
2.1. Field Data and Dataset Used for the Construction of the Computational Model

The data employed for the construction of the computational model had been obtained
during a large countrywide field study performed throughout Greece. The data were
obtained during visits to sheep farms that were located in all 13 administrative regions of
the country. In total, 111 dairy sheep farms were visited for the collection of samples and
information (Figure 1).
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Figure 1. Location of 111 sheep farms around Greece that were included in a countrywide investiga-
tion on subclinical mastitis, records from which were used in the construction of the computational
model.

All the details of the study were described by Vasileiou et al. [17]. In brief, milk samples
were obtained from both mammary glands of ewes on each farm after performing a stan-
dardized clinical examination of the udder (observation, palpation, comparison between
glands) and were processed by established bacteriological and cytological techniques [17].
The methodology for selection of the ewes for sampling was presented in detail by Vasileiou
et al. [17] and is also described briefly hereafter: on each farm, 20 clinically healthy ewes (at
least secundiparae) were selected for sampling (after exclusion of primiparae ewes and ewes
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with clinical mammary abnormalities) by using an electronic random number generator
among animals that walked into the milking parlor. Overall, ewes sampled during this
study represented 6.1% of the total ewe population in the farms (median among farms:
7.7% (interquartile range: 6.8%)) (Table S1).

Subclinical mastitis was confirmed in ewes in which a bacteriologically positive milk
sample ([a] > 10 colonies of the same organism and [b] no more than two different types
of colonies) with concurrently increased score (≥‘1’) in the California Mastitis Test and
an increased proportion of neutrophils and lymphocytes (≥65% of all leucocytes) was
detected [18,19]. During the visit to the farm, information was obtained from the farmer on
management aspects applied at the farm [20].

The variables used for the construction of the computational models are described in
Table 1 and further discussed in Section 4.2. In two of the farms, we obtained milk samples
from ewes in two different months of their lactation period; these were used as separate
records. Hence, we used 113 records for the construction of the model.

Table 1. Variables used for the construction of the computational model.

1. Target Value

Level of prevalence of subclinical mastitis in farm (%) (binary)

2. Independent Variables

Number of ewes available in the flock (numeric)
Management system applied in the farm (categorical)
Breed of ewes (categorical)
Month of lactation period (numeric)
Application of reproductive control (categorical)
Vaccination against staphylococcal mastitis (categorical)
Milking status of the ewes in the farm (categorical)
Application of teat dipping (categorical)
Application of measures for mastitis control at the end of the lactation period (categorical)
Administration of antibiotics at the end of the lactation period (categorical)
Minimum temperature of coldest month at farm location (numeric)
Annual precipitation at farm location (numeric)
Wind speed at farm location (numeric)
Altitude of farm location (numeric)
Distance of farm from other sheep farms (numeric)
Land use at farm location (categorical)
Microhabitat at farm location (categorical)

During the procedure for the development of the computational model, the following
general steps were taken: (i) definition of the problem, (ii) establishment of the desired
outcomes, (iii) preparation of the data, (iv) feature scaling, (v) splitting of the data and
evaluation of the model, and (vi) tuning of hyperparameters (Table S2). These multiple
considerations ensured the efficacy, robustness, and applicability of the computational
model constructed and thereafter assessed (verified) during the study.

2.2. Implementation of Machine Learning Algorithms

The scikit-learn library (version 1.4.10 for Python [21]), an open-source library for
machine learning that provides various tools for data mining and data analysis tasks, was
employed for implementing the algorithms for the machine learning work throughout this
study.

2.3. Evaluation for Construction of Computational Model by Means of Supervised Learning

The supervised learning methodology is applied in situations where the training
data include information absent in unseen test examples. In such cases, the objective
would be for the acquired expertise to predict the missing information for the data under
evaluation, with the environment acting as a ‘teacher’ by providing additional information
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(labels). The methodology includes two main types of tasks: classification and regression.
In classification tasks, the aim is to predict the categorical class labels of new instances
based on previous observations, whilst in regression tasks, the aim refers to predicting
a continuous numerical value based on input features. The primary difference between
classification and regression tasks lies in the nature of the target variable; in classification
tasks, target values are categorical (i.e., with discrete values), whilst in regression tasks,
target values are continuous (i.e., with continuous values).

The first step referred to proceeding with the selection of the optimal prediction model.
The method for selecting the most suitable hyperparameters of the model was based on the
performance of the combination of hyperparameters in the validation set. The following
supervised learning tools were applied to predict the level of prevalence of subclinical
mastitis by using 17 independent variables (Table 1): decision trees, k-NN (k-nearest
neighbors algorithm), neural networks, and Support vector machines. The classification
of farms was predicted in one of two categories based on the level of prevalence of the
infection. These two categories were created as follows: farms with prevalence of subclinical
mastitis < 25.0% and farms with prevalence of subclinical mastitis ≥ 25.0%; the threshold
of 25.0% was used, as it was the median target value among these 113 records.

Each of the above four tools was employed with a different combination of hyper-
parameters. For each combination of hyperparameters, 50 different evaluations were
performed by using a combination of resampling, shuffling, and k-fold methods (k = 5). In
each evaluation, the dataset was split into a ‘training set’ and a ‘validation set’. The model
was set up on the ‘training set’, and its performance was evaluated on the ‘validation set’.
The distribution of scores/errors for each combination of hyperparameters was assessed
using boxplot, comparison of means and medians, and comparison of ranges in order to
determine the optimal combination of hyperparameters that would provide the best model.
In total, 543,948,800 assessments were made during this evaluation (Table S3).

Overall, in the above evaluations, using the supervised learning methods across all
models, regardless of tools and combinations of hyperparameters, the mean accuracy was
51.1% for the classification of farms into one of two categories (Table S4). Hence, these
model evaluations were deemed unsuitable, and they were rejected.

2.4. Evaluation for Construction of Computational Model by Means of Unsupervised Learning

The unsupervised learning methodology is applied when the data lack labels, i.e.,
when inputs are processed with no corresponding outputs. In such an approach, the
algorithm operates autonomously, discovering relationships or patterns within the data
without explicit guidance. The input consists of a collection of elements denoted as X,
along with a defined distance function operating over this set. The output entails dividing
the domain set X into distinct subsets, forming a partition, that is, C = (C1, . . . , Ck), where
X = ∪k

i=1Ci and for all i ̸= j Ci ∩ Cj = ∅.
The following unsupervised learning tools were applied in order to allocate the data

into one of two clusters based on 18 variables (i.e., the 17 independent variables as described
above (Table 1) and the target value, i.e., the prevalence of subclinical mastitis): Affinity
propagation, Birch, Hierarchical clustering, K-means, and Spectral clustering. Based on the
results of the clustering tools and models as applied by using all the above methods, the
K-means tool showed the highest significance in the difference of the median prevalence
of subclinical mastitis between the farms in the two clusters (‘low prevalence’ or ‘high
prevalence’): the median (interquartile range) prevalence of subclinical mastitis among
farms within each of the two clusters created by the K-means tool was 20.0% (interquartile
range: 15.8%) and 30.0% (16.0%) (p = 0.002), whilst the estimated overall proportion of
ewes with subclinical mastitis in the farms within each of the two clusters was 20.5%
(95% confidence intervals (CI): 19.8–21.3%) and 30.4% (95% CI: 29.8–30.9%), respectively
(p < 0.0001) (Figure 2, Table S5). Hence, the K-means tool was selected to continue with the
construction of a computational model. Additionally, there were also significant differences
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between the two clusters created by the K-means tool in 10 of the 17 independent variables
(Table S6).
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of subclinical mastitis, created by applying unsupervised learning tools (from left to right: Affinity
propagation (blue), Birch threshold 3 (purple), Birch threshold 4 (yellow), Hierarchical clustering
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K-means clustering is an unsupervised learning tool that is employed when dealing
with numerous individual data points, each represented by vectors, where each entry
within the vector denotes a specific feature. However, these data points lacked pre-assigned
labels or classifications. These data points are organized into coherent groups, each group
being linked to its respective center of mass, i.e., the centroids. The K-means algorithm
aims to calculate the centroids that minimize the following: ∑n

i=0 min
µj∈C

∥∥xi − µj
∥∥2.

2.5. Selection and Application of Computational Model
2.5.1. Procedures

For the selection of the computational model, supervised learning tools were again
applied to predict the classification of records into clusters of ‘low prevalence’ or ‘high
prevalence’ created by the K-means tool by using the 17 independent variables, as detailed
previously. On this occasion, classification was performed in order to predict the category
for the level of prevalence of the infection. The following supervised learning tools were
employed to develop the computational model for prediction: decision trees, k-NN, neural
networks, and Support vector machines.

Decision trees embody a non-parametric supervised learning approach suitable for
both classification and regression assignments. A decision tree is a predictor p : X 7→ Y ,
where a function from the space X of the features to the discrete space Y ; the most common
situation is Y = {0, 1} being binary. Usually, the splitting is based on one of the features
of x or on a predefined set of splitting rules. Their purpose is to build a model capable
of forecasting the value of a target variable by deriving simple decision rules from the
dataset features. Essentially, such a tree functions as a piece-wise constant estimation.
Serving as a hierarchical decision-support model, decision trees delineate decisions and
their likely consequences, encapsulating chance occurrences, resource allocations, and
utility assessments. Acting as a decision-support hierarchical model, decision trees outline
decisions and their probable outcomes, encompassing chance events, resource expenses,
and utility considerations, and they include several hyperparameters that can be adjusted
to control the behavior and performance of the model. In the present study, we used the
following hyperparameters tuned to optimize the performance of our model; for maximum
depth, the nodes of the model were expanded until all leaves were pure or until all leaves
contained fewer than the minimum number of samples required to split an internal node,
in this case, 2. The minimum number of samples required to be at a leaf node was defined
to be equal to 1.
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k-NN, which is a neighbor-based classification, belongs to the realm of instance-
based learning or non-generalizing learning, and, unlike methods that aim to construct
overarching internal models, it simply retains instances of the training data. Classification
is determined by a straightforward majority vote among the closest neighbors of each
data point: a query point is assigned to the class that is most prevalent among its nearest
neighbors. In classification problems, this approach would choose the category based on
the majority category of the k nearest neighbors, while in regression problems, it would
select the value using the weighted mean function, i.e., in order to estimate the value f̂ (xi),
the relevant calculation would be f̂ (x) = ∑k

i=1
f (xi)

k . Additionally, one can opt for more
sophisticated functions, such as weighting by the inverse of distances, described as follows:

f̂ (x) =

∑k
i=1

wi(xi) f (xi)

∑k
i=1 wi(x1,...,xk)

if d
(→

x ,
→
x i

)
̸= 0 ∀ i ≤ k

f (xi)
(1)

or for more mathematically complex distance functions, like exponentially weighted by
distance or using a Gaussian function (Gaussian kernel). Within the k-NN algorithm, there
is the flexibility to change the distance function. A common approach involves exploring

various values for the Minkowski distance, d
(→

x ,
→
y
)
= (∑n

i=1|xi − yi|)
1
p , which allows for

adapting the distance metric to better suit the characteristics of the dataset. The k-NN
classification method is widely employed, with the optimal selection of the value k being
highly contingent on the dataset. Generally, a larger k mitigates the impact of noise but may
also lead to less well-defined classification boundaries. In the present study, for the number
of neighbors (k), we specified the number of nearest neighbors to consider when making
predictions as k = 1 to 10, and we also used two hyperparameters that could be tuned
to optimize the performance of the model: for the distance metric, we used the distance
metric of Euclidean distance, which is the Minkowski distance for p = 2; and for the weight
function, we employed the uniform approach where all points in each neighborhood would
be weighted equally.

The neural networks, as structures, have garnered significant attention in recent times
and have emerged as a fundamental concept in contemporary machine learning. Their
origins trace back to the inspiration drawn from the functioning of the human brain. Indeed,
the inception of the first neural network can be attributed to the work of McCulloch and
Pitts [22], who sought to model a biological neuron. A ‘McCulloch and Pitts’ neuron is a
function f : Rd 7→ {0, 1} , with

f (x1, . . . , xd) = IR+

(
∑d

i=1 wixi − θ
)

(2)

where wi, θ are real numbers, d is a natural number, and IR+ is the real function with IR+ = 0
for x < 0 and IR+ = 1 for x ≥ 0. In the context of a neural network framework, the function
IR+ , termed activation function, θ, termed threshold, and the wi are termed weights. A
more sophisticated model is the multilayer perceptron, which is the fundamental construc-
tion. Herein, we adopted the scheme proposed by Berner et al. [23]. A fully connected
feedforward network is provided by its architecture (N, ρ), where L ∈ N, N ∈ NL+1 and
ρ : R 7→ R , where ρ represents the activation function, L stands for the number of layers,
and N0, NL, Nl with l ∈ [1, L − 1] ⊂ N are the numbers of neurons in the input, output, and
the l-th hidden layer, respectively. It is noted that the number of parameters is denoted
by P(N) := ∑L

l=1 Nl Nl−1 + Nl . Then, we defined the corresponding realization function
Φa : RN0 ×RP(N) 7→ RNL , which satisfied that for every input x ∈ RN

0 and parameters θ,
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where θ =
(

θ(l)
)L

l=1
=

((
W(l), b(l)

))L

l=1
∈ ∏L

l=1

(
RNl×Nl−1] ×RNl

)
, meant that for every l

the W(l) was a real matrix and b(l) was a vector, where Φa(x, θ) = Φ(L)(x, θ) and

Φ(1)(x, θ) = W(1)x + b(1)

Φ̂(l)
(x, θ) = ρ

(
Φ(l)(x, θ)

)
with l ∈ [1, L − 1]

Φ(l+1)(x, θ) = W(l+1)Φ̂(l)
(x, θ) + b(l+1) with l ∈ [1, L − 1]

(3)

and ρ was applied component-wise. Also, we referred to the matrices W(l) as the weighted

matrices and to the vectors b(l) as the bias vectors. Further, we referred to Φ̂(l) and Φ(l) as
activation and pre-activation functions of the Nl neurons in the l-th layer. The width and
the depth of the neural networks were defined as ∥ N ∥∞ and L, respectively. Moreover,
we used as hyperparameters (a) the activation function, which included ‘identity’, ‘logistic’,
‘tanh’, and ‘relu’, (b) the number of hidden layers, with values of 10, 20, 50, 100, or 300, (c)
the learning rate with the default value (0.001), and (d) the solver for weight optimization,
which was ‘lbfgs’, ‘sgd’, or ‘adam’.

Support vector machines refer to powerful supervised learning models that work by
constructing a hyperplane or a set of hyperplanes in a high-dimensional or even infinite-
dimensional space, depending on the characteristics of the dataset. If it is considered
that S = {(x1, y1), . . . , (xn, yn)} is a training dataset where xi ∈ Rd and yi ∈ {−1, 1},
and this raining dataset is called linearly separable, indicating that such a hyperplane
(hyperspace) (w, b) exists that for xi holds that y = sign(⟨w, xi⟩+ b), the previous can be
alternatively expressed in the form of inequalities as yi · (⟨w, xi⟩+ b) > 0 for all xi. The
hyperplanes (hyperspaces) with this property are infinite; therefore, in order to obtain
the optimal solution, it is necessary that argmin

(w,b)
|w|2 for all xi : yi · (⟨w, xi⟩+ b) ≥ 1.

There are several formulations for problem cases like the previous one that employ addi-
tional restrictions like the regularization terms, where the previous equation transforms to
min
w,b,ξ

(
λ ∥ w ∥2 + 1

m ∑m
i=1 ξi

)
for all xi : yi · (⟨w, xi⟩+ b) ≥ 1 − ξi and ξi ≥ 0.

When data under assessment cannot be clustered in a linear manner, a more sophisti-
cated approach would be to embed the dataset into a higher feature space using the ‘trick’
of the kernel. The kernel function K

(
x, x’) =

〈
ψ(x), ψ

(
x’)〉, where the function ψ refers

to some domain space into some Hilbert space. The more commonly used kernels are:

(a) the Gaussian kernel, defined as K
(
x, x’) = e−

∥x−x’∥2
2σ = e−γ∥x−x’∥2

, (b) the polynomial

kernels, defined as K
(
x, x’) =

(
1 + γ < x, x’ >

)k, and (c) the sigmoid kernel, defined as
K
(
x, x’) = tanh

(
−γ < x, x’ ≥ +r

)
. In the present study, we used two hyperparameters

tuned to optimize the performance of the model, specifically, the kernel (‘linear’, ‘poly’,
‘rbf ’ or ‘sigmoid’; termed according to the Python scikit-learn library (version 1.4.10 for
Python [21])) and the regularization parameter as C = 1, 2 or 3.

For each of the above tools, various combinations of hyperparameters were employed,
as detailed in Table 2. During the process, 83 models were produced, and 4150 assessments
were made in total.

Table 2. Supervised learning tools used, hyperparameters employed, and numbers of models pro-
duced during assessment for classification of records from sheep farms based on level of prevalence
of subclinical mastitis.

Supervised Learning Tool Hyperparameters No. of Different Models Produced

Decision trees maximum depth, minimum number of split samples 1
k-NN distance metric, K, weight function 10

Neural networks activation function, hidden layers, learning rate, solver 60
Support vector machines kernel, regularization parameter 12
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2.5.2. Data Management

Within each tool employed for the assessment, we compared the results of the 50 dif-
ferent evaluations made using each model by means of the following three measures of
quality: (a) accuracy, (b) precision, and (c) recall. The best model produced by each tool
was selected for comparison across the four tools employed. Subsequently, a comparison
among tools was also performed by using the above three measures of quality.

The Kruskal–Wallis test was used to compare the measures of quality between models
within tools, as well as between tools. Statistical significance was defined at p < 0.05.

2.6. Assessment (Verification) and Evaluation of Results of Computational Model
2.6.1. Field Data and Datasets Used for the Construction of the Assessment (Verification) of
Computational Model

Subsequent to the selection of the best model for the classification of records from
sheep farms based on the level of prevalence of subclinical mastitis, that model was assessed
by inputting records from two field studies that were performed in sheep flocks in Greece
subsequent to the initial field study and independent of that one.

The first field study involved 12 sheep farms, which were visited four times during
a lactation period, with repeated samples obtained from the same ewes throughout the
lactation period; therefore, records from 48 farm visits to these flocks were available [24].
None of these farms were included in the initial field study, i.e., that used for the training
of the model. In this field study, methods (sampling, laboratory techniques, etc.) identical
to those employed during the initial field study were used.

The second field study involved 325 sheep farms located in the 13 administrative
regions of the country (Figure 3), which were visited once [25]. Again, none of these
farms were included in the initial field study. In this study, bulk-tank milk samples were
collected for somatic cell counting. The prevalence of subclinical mastitis in these flocks was
subsequently estimated by using the correspondence described by Fthenakis [26], based on
the somatic cell counts in the bulk-tank milk of the farms.
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In both of the above studies, information was obtained from the farmer on manage-
ment aspects applied on the farm [20].

2.6.2. Procedures

For assessment (verification) of the computational model selected previously, initially,
each one of the 373 records (i.e., from the 48 visits (to 12 farms, each visited four times)
and the 325 visits (to 325 farms, each visited once)) taken individually with the initial
113 records was clustered by using the K-means tool in unsupervised learning, as described
in detail previously. In total, 373 sets of records were created: each of these sets included
(a) the 113 records as above and (b) one of the 373 records as above (i.e., 114 records in
each set).

Subsequently, the supervised learning model previously selected was used to evaluate
the correct clustering of the test record within each of the 373 sets. Each of these 373 sets
was assessed by using this model, each of which included a training subset (113 records, i.e.,
those employed previously, as detailed above) and a test (prediction) subset (one record).
The record included in the test (prediction) subset was different in each of the 373 sets. The
computational model used predicted the assignment of each of the 373 records into a class
‘0’ or ‘1’ that corresponded to the level of prevalence.

2.6.3. Data Management

The class into which each record was classified by the model was compared to the
cluster of farms, into which each of the records had been previously clustered by using the K-
means tool. Further, the predicted classification of each record by the computational model
into a category of the level of subclinical mastitis was evaluated against the prevalence of
subclinical mastitis found in the respective farm.

The overall accuracy of the predictions was calculated as the proportion of farms cor-
rectly classified by the computational model. This was calculated separately for (a) the re-
sults obtained by using the K-means tool and (b) the prevalence of the infection on each farm.
The proportion of farms with a prevalence of subclinical mastitis of (a) ≥20.0% or <20.0%,
(b) ≥25.0% or <25.0%, and (c) ≥30.0% or <30.0%, correctly classified by the computational
model into the ‘high prevalence’ (i.e., with prevalence of subclinical mastitis ≥ 20.0%,
≥25.0%, or ≥30.0%, respectively) or ‘low prevalence’ (i.e., with prevalence of subclini-
cal mastitis < 20.0%, <25.0%, or <30.0%, respectively) category, was also calculated. The
predicted prevalence referred to the veterinary diagnosis of the prevalence of subclinical
mastitis in the flocks, i.e., by taking into account the results of a combination of bacteriolog-
ical and cytological tests [18,19].

Comparisons between accuracies were made by using Pearson’s chi-square test. The
median prevalence of subclinical mastitis in farms classified among each of the two cat-
egories of sheep farms created by the computational model was compared by using the
Mann–Whitney test. Statistical significance was defined at p < 0.05.

2.6.4. Analysis of the Importance of the 17 Independent Variables in Predicting the
Prevalence of Subclinical Mastitis—Interpretation of Findings

SHAP (SHapley Additive exPlanations) values analysis, which is a means to explain
the output of a computational model based on machine learning methodology, was em-
ployed in order to understand how the 17 individual variables used in the computational
model influenced the predictions when using the model [27]. SHAP quantified feature
importance based on principles of game theory and revealed how each feature contributed
to the final output of the model. Through the use of the SHAP Python library, SHAP values
were calculated for each prediction [27].

The values found represented the impact of each feature (i.e., each of the 17 indepen-
dent variables) on the prediction’s deviation from the baseline. SHAP determined this
impact by assessing how the prediction changed as features were progressively added to
the model in all possible combinations [27].
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3. Results
3.1. Selection of Best Computational Model

The results of the evaluations performed by means of each model and each tool, which
were employed for model selection, are presented in detail in Tables S7–S10. The measures
of the center of the data for the measures of quality in each of the four models selected after
evaluation within each tool are shown in Figure 4 and Table 3. There was clear evidence
that the differences in the measures of quality among tools were significant (p < 0.0001
for all comparisons). Based on these, the model obtained by means of Support vector
machines (kernel: ‘linear’, regularization parameter C = 3) was considered the best one
for the classification of records obtained from the sheep farms based on the level (i.e.,
low/high) of the prevalence of subclinical mastitis.
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Figure 4. Box and whisker plots of the data for measures of quality in each of the four models selected
after evaluation within each tool used during assessment for classification of records from sheep
farms based on prevalence of subclinical mastitis (green: decision trees, purple: k-NN, blue: neural
networks, pink: Support vector machines—full pattern: accuracy, dotted pattern: precision, striped
pattern: recall).

Table 3. Measures of the center of the data for the measures of quality in each of the four models
selected after evaluation within each tool used during assessment for the classification of records
from sheep farms based on the level of prevalence of subclinical mastitis.

Supervised Learning Tool Details of Models Employed
Measures of Quality of Models Employed

Accuracy 1 Precision Recall

Decision trees
- maximum depth: 2,
- minimum number of split

samples: 1

0.878 ± 0.015
0.909 (0.159)

0.909

0.927 ± 0.017
1.000 (0.143)

1.000

0.874 ± 0.017
0.917 (0.217)

1.000

k-NN

- distance metric: p = 2,
- K = 1,
- weight function: uniform

approach

0.653 ± 0.019
0.636 (0.182)

0.727

0.742 ± 0.024
0.777 (0.226)

1.000

0.703 ± 0.024
0.690 (0.175)

0.667

Neural networks

- activation function: ‘logistic’,
- hidden layers: 300,
- learning rate: 0.001,
- solver: ‘adam’

0.844 ± 0.014
0.818 (0.159)

0.818

0.842 ± 0.017
0.857 (0.222)

1.000

0.940 ± 0.013
1.000 (0.125)

1.000
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Table 3. Cont.

Supervised Learning Tool Details of Models Employed
Measures of Quality of Models Employed

Accuracy 1 Precision Recall

Support vector machines - kernel: ‘linear’,
- regularization parameter C = 3

0.947 ± 0.010
1.000 (0.091)

1.000

0.960 ± 0.011
1.000 (0.111)

1.000

0.961 ± 0.010
1.000 (0.083)

1.000

p value <0.0001 <0.0001 <0.0001
1 From top to bottom within each cell: mean ± standard error of the mean, median (interquartile difference),
mode.

3.2. Assessment (Verification) of the Previously Selected Computational Model

Of the 373 records used in the assessment (verification) of the computational model
(Support vector machines), this model correctly predicted and classified 351 records in
either of the two categories, which corresponded to the two clusters previously created
by the K-means tool. The overall accuracy of the computational model versus the results
presented by the K-means tool was 94.1% (95% confidence interval (CI): 91.2–96.1%). The
median prevalence of subclinical mastitis in farms within each of the two categories was
10.4% (interquartile range: 5.5%) and 36.3% (9.7%) (p < 0.0001) (Figure 5).
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low/high) of prevalence of subclinical mastitis, created by using Support vector machines (green:
farms assigned in category with low level of prevalence; pink: farms assigned in category with high
level of prevalence).

The highest accuracy of the computational model was achieved when considering ‘low
prevalence’ and ‘high prevalence’ of subclinical mastitis at <25.0% and ≥25.0%, respectively.
With this, the model correctly predicted 359 (of the 373) records corresponding to farms with
respective levels of prevalence of the infection; thus, the overall accuracy for the estimation
of the level of prevalence in the farms used for assessment (verification) of the model was
96.3% (95% CI: 93.8–97.8%) (p = 0.17 for comparison of results versus those obtained by
the K-means tool). The proportion of farms with prevalence of subclinical mastitis < 25.0%
correctly predicted by the computational model was significantly higher than the respective
proportion of farms with prevalence ≥ 25.0%: 99.2% (95% CI: 97.1–99.9%) versus 90.7%
(95% CI: 84.5–94.6%), respectively (p < 0.0001) (Table 4).
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Table 4. Comparison of results of categorization of farms (n) by using Support vector machines
against the prevalence of subclinical mastitis in a farm.

Categorization of Farms by Means of the Computational Model

Allocation into ‘High’
Prevalence Category

Allocation into ‘Low’
Prevalence Category Total

Pr
ev

al
en

ce
of

su
bc

lin
ic

al
m

as
ti

ti
s

in
fa

rm

≥20.0% 118 19 137
<20.0% 1 235 236

Total 119 254 373

≥25.0% 117 12 129
<25.0% 2 242 244

Total 119 254 373

≥30.0% 80 0 80
<30.0% 39 254 293

Total 119 254 373

With the threshold at 20.0%, the model predicted 353 records corresponding to farms
with respective prevalence of the infection; thus, the overall accuracy was 94.6% (95% CI:
91.9–96.5%). With the threshold at 30.0%, the model predicted 334 records corresponding
to farms with respective prevalence of the infection; thus, the overall accuracy was 89.5%
(95% CI: 86.0–92.3%) (p = 0.0006 for comparison of accuracy achieved with each of the three
thresholds) (Table 4).

The results of the analysis for SHAP values for the impact of each of the 17 independent
variables in the prediction of subclinical mastitis have indicated that (a) the breed of ewes,
(b) the application of vaccination against staphylococcal mastitis, and (c) the management
system applied in a farm were the variables that most influenced the prediction outcome.
That impact was similar for farms with low (<25.0%) or high (≥25.0%) prevalence of
subclinical mastitis (Figure 6, Table 5).

Table 5. The 10 independent variables with the greatest importance in the prediction of the level
(i.e., low/high) of prevalence of subclinical mastitis for both low (<25.0%) or high (≥25.0%) level of
prevalence of subclinical mastitis, ordered by their impact in that prediction.

Independent Variables

Breed of ewes
Vaccination against staphylococcal mastitis

Management system applied in farm
Administration of antibiotics at the end of the lactation period

Application of measures for mastitis control at the end of the lactation period
Application of reproductive control

Altitude of farm location
Wind speed at farm location

Month of lactation period
Annual precipitation at farm location
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Figure 6. SHapley Additive exPlanations values for the importance of each of 17 independent
variables in the prediction of the level (i.e., low/high) of prevalence of subclinical mastitis (B: breed
of ewes, G: vaccination against staphylococcal mastitis, C: management system applied in farm, M:
administration of antibiotics at the end of the lactation period, L: application of measures for mastitis
control at the end of the lactation period, E: application of reproductive control, Y: altitude of farm
location, X: wind speed at farm location, D: month of lactation period, V: annual precipitation at farm
location, A: no. of ewes in farm, J: milking status of the ewes in farm, K: application of teat dipping;
not included in output: minimum temperature of coldest month at farm location, distance of farm
from other sheep farms, land use at farm location, and microhabitat at farm location) (class 0/1: low
(<25.0%)/high (≥25.0%) level of prevalence of subclinical mastitis) during assessment (verification)
of a computational machine learning model.

4. Discussion
4.1. Preamble

The manuscript presents the first attempt internationally to develop, evaluate, and
make available a prediction model for the prevalence of subclinical mastitis in dairy sheep
farms.

With regard to cattle mastitis, the relevant publications have focused on predicting
the development of the infection in individual animals. This can be explained given
the significant difference in value between the price of a cow and a ewe. Moreover, for
predictions at the individual cow level, an increased amount of data for setting up the model
and for effective ‘model training’ can be obtained through the daily records of animals. The
wide use of electronic automatic monitoring systems in cattle farms facilitates the collection
of such high numbers of data. Through these, details about various parameters, e.g., milk
flow and milking time, volume of milk produced, protein and lactose concentration in milk,
and milk electrical conductivity (EC), can be monitored and obtained, providing ample
data for developing relevant models. In that way, high numbers of records can be collected
and used; Ebrahimie et al. [28] used 345,000 milking records from individual cows, and
Pakrashi et al. [13] used the records of 1,350,000 milk-days from 2390 cows. In contrast,
many dairy sheep farms would not possess such equipment (e.g., in Greece, in 21.5% of
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sheep farms, hand-milking is still applied, whilst only 1.2% of milking parlors are equipped
with automated monitoring systems [29]), which makes the collection of such data difficult
at the individual animal level.

Thus, in dairy sheep, the prediction models would need to focus on the flock level,
where the adverse effects of mastitis can be significant [30]. Whilst clinical mastitis is
easy to diagnose based on the observation and clinical examination of animals [31,32], the
diagnosis of subclinical mastitis requires the concurrent application of bacteriological and
cytological techniques on milk samples [18,19]; moreover, the estimation of the prevalence
of the infection within a flock requires the sampling of several animals. Hence, there is an
interest in a tool for the prediction of the prevalence of the infection in sheep farms. This
can be used by veterinarians active in the health management of sheep farms in order to
make clinical decisions during field assessments of flocks.

4.2. Development of the Model

We have input into the model data from a large countrywide field study performed in
Greece [17]. The study included farms located in all 13 administrative regions of the country;
thus, a variety of locally applied practices and location-related factors were included. A
total of 17 independent variables related to practices related to health management applied
in the farms, as well as climatological parameters prevailing at the locations of the farms,
were input as independent variables and were used to predict the prevalence level of
subclinical mastitis in the flock.

The health management-related parameters included conditions found to be associated
with the development of subclinical mastitis, e.g., sheep breed [33,34], or found to contribute
to preventing the infection, e.g., anti-mastitis vaccination [35,36] or the so-termed ‘dry-ewe
mastitis treatment’ [37–39]. The inclusion of the stage of lactation among these variables
is also noted, given that the prevalence of subclinical mastitis progressively increases as
the lactation period advances [30,40,41]. That way, the prevalence of the infection could
be predicted more accurately and in accord with the stage of the lactation period when a
clinical assessment would be taking place.

The inclusion of climatological parameters is in accord with findings related to the
potential effects of weather conditions in the development of the infection. Early during the
previous century, Leyshon [42] reported that mastitis in ewes occurred more often during
cold weather conditions; nevertheless, in cows, evidence has been published indicating that
in increased temperatures, mastitis could be more frequent [43], possibly because increased
temperatures can play a role in reducing leucocyte counts in sheep [44] and impairing
their function [45,46], thus compromising mammary defenses and rendering animals more
susceptible to mastitis. More recently, similar relevant findings regarding the importance
of climatic factors in the development of mastitis were also reported from sheep flocks [47].
Therefore, there was a scope to include climatological data related to the location of the
farms in the model, as these may play a role in the development of the infection. It is
interesting that in the only published study regarding the prediction of bovine mastitis
prevalence at the farm level, weather-related data have also been included to improve the
robustness of the model [14].

Mastitis in sheep is a multifactorial disease [30,41,48]. This has been taken into account
and reflected in the increased number of independent variables (n = 17) employed for the
development of the model, which provides an increased number of parameters associated
with sheep health and which could be taken into account for making relevant predictions
and has thus contributed to its high measures of quality. On the other hand, the inclusion
of a higher number of parameters would have overemphasized patterns characteristic of
the training data employed in this study [49,50] and, moreover, would make more difficult
the collection of data for performing predictions about the prevalence of the infection in
clinical settings.

In studies of machine learning applied for the prediction of mastitis in cattle, decision
trees were found to be the tool employed more frequently, specifically in 72% of the relevant
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articles found during the literature search. The application of Support vector machines
has been reported less frequently, in only 31.5% of the articles. In the present study, four
supervised learning tools were employed, and Support vector machines provided the best
measures of quality; thus, it was selected. The Support vector machines methodology was
developed specifically for high-dimensional data problems, which explains its tendency
to provide higher performance. Decision trees also performed well, followed by neural
networks. Although k-NN is often preferred in studies focusing on classification prediction
due to its simplicity, scalability, and ease of understanding, in the present study, it did not
show good performance in predicting the suite of variables examined. In this context, it is
also noted that in the only published study related to predictions of mastitis at the farm
level in cattle, the Support vector machines tool was employed [14].

The development of Support vector machines was based on foundations of robust
regression [49,50]. The tool can map response variables to a higher-dimensional space,
which includes a ‘maximal separating hyperplane’. The target value would need to separate
across this hyperplane into correct classifications [51]. The tool also allows for greater
flexibility by including various kernel functions within it [49,50]. In the present study, four
different kernel functions (linear, polynomial, radial basis, and sigmoid) were tested, each
of which was combined with one of three different regularization parameters during the
testing of various models in this specific tool.

Support vector machines can outperform decision trees, neural networks, and k-NN
due to their effectiveness in high-dimensional spaces, making them well-suited for tasks
involving a large number of features. The tool incorporates regularization parameters that
aid in controlling overfitting, thus ensuring better generalization performance. Moreover,
the methodology has a lower susceptibility to issues such as vanishing gradients, which can
impede the training of neural networks, particularly when data are limited. Additionally,
the use of Support vector machines typically requires fewer hyperparameters compared to
neural networks, which simplifies the tuning process and reduces sensitivity to parameter
selection.

4.3. Assessment (Verification) of the Model

The validity of the computational model deemed to be the best was assessed by evalu-
ating the accuracy of predicting the level of subclinical mastitis in sheep farms unrelated
to the ones used for the ‘training’ and development of the model. Data from these farms
originated from two large-scale field studies that we had carried out subsequent to the
initial study, i.e., the one on which the development of the model was based. In the first
of these, farms were visited repeatedly, which allowed us to assess the same farms at
differing stages of the lactation period [24]. In the second of these, farms were visited
across the country as part of a large countrywide study of mapping the sheep industry
in Greece [25,29]. Collectively, the 373 records used in the assessment (verification) of the
model provided a variety of practices related to health management, time points within
the lactation period, climatological conditions, and geographical locations, which, taken
together, have provided a wide representation of the conditions in dairy sheep farms across
Greece.

For the assessment (verification) of the model, we opted to use a test (prediction)
subset that consisted of only one record on each occasion. This simulated field conditions
closely, as, under clinical settings, predictions of the level of prevalence of subclinical
mastitis would refer to one farm being under clinical investigation.

The categorization of sheep farms into ones with ‘low prevalence’ and ones with
‘high prevalence’ of subclinical mastitis can help to predict whether the prevalence of the
infection in a flock under investigation is below or above average, as well as to provide
information and consider variables that may affect this. This way, health management
measures may be taken, and corrective actions may be initiated in order to improve the
situation and lead to a decrease in the prevalence of the infection.
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The emergence of the variables with the greatest impact among those requiring simple
and easy-to-obtain answers during visits to farms (e.g., breed of ewes, vaccination against
staphylococcal mastitis, management system applied in the farm, administration of antibi-
otics at the end of the lactation period, application of measures for mastitis control at the
end of the lactation period, and application of reproductive control) for the prediction of
subclinical mastitis makes the procedure relatively straightforward for clinicians. Key prop-
erties of SHAP values making them useful for model interpretation include (a) additivity
(allowing for efficient computation, even in high-dimensional datasets), (b) local accuracy
(providing an accurate, localized interpretation of the model’s prediction for a specific
instance), (c) missingness (making SHAP values robust to missing data and ensuring that
irrelevant features do not distort the interpretation), and (d) consistency (ensuring similar
interpretation of the model’s behavior, even as the model’s architecture and parameters
evolve) [27].

Moreover, the identification of these variables reflects, to a large extent, the adjustments
that can be made in management practices in sheep flocks in order to improve the control
of subclinical mastitis.

4.4. Overall View of the Procedure for Model Development and Assessment (Verification)

Overall, this study presented the development of a computational model for the classi-
fication of records into categories corresponding to clusters, which had been previously
established by means of the K-means algorithm; then, it assessed its applicability and per-
formance in clinical conditions. The optimal tool for this model, Support vector machines,
correctly predicted and classified records (i.e., sheep farms), with an overall accuracy of 94%
in comparison to the veterinary diagnosis of subclinical mastitis in the flocks, as based on
the results of a combination of bacteriological and cytological tests [18,19]. A high accuracy
of the computational model was achieved, with the threshold for the prevalence of the
infection set at 25.0% to separate farms into ones with ‘low prevalence’ or ‘high prevalence’.
This corresponds to the median target value of the initial set of 113 records, based on
which the initial K-means clustering was performed. In this case, the model achieved an
accuracy of 96%. This can be considered an indirect confirmation of the validity of the
methodology employed in this study. It is also notable that a 25.0% prevalence of ewes
with suboptimal milk production within a flock (the main reason for which is subclinical
mastitis) is necessary to confirm a diagnosis of the ‘milk-drop syndrome of ewes’ [1]. This
way, the optimum threshold in the prediction model goes together with the prevalence
of suboptimal milk production in the flock. Specifically for farms with a prevalence of
infection < 25.0%, the accuracy was as high as 99%, again in comparison to a veterinary
diagnosis of subclinical mastitis in the flocks.

These findings confirm the strong performance of the Support vector machines tool for
the classification of sheep flocks according to low or high prevalence of subclinical mastitis
by using the 25.0% prevalence rate threshold.

4.5. Potential Constraints of the Proposed Model

During the development of a computational model, errors may mainly derive from
the following sources:

• Data quality issues, for example, missing data (i.e., incomplete records, which can
skew the model’s understanding and performance), outlying values (i.e., extreme
values, which may influence a model disproportionately), or biased data (especially
in models sensitive to anomalies). In our case, the use of a structured questionnaire
for the collection of detailed information from farmers [20], the high number of farms
considered for the construction and the assessment (verification) of the model, and the
countrywide location of the farms have minimized such issues. In particular, findings
from farms in all regions of Greece were taken into account during all stages of this
study; this way, conditions prevailing throughout the country were taken into account,
and factors of regional importance weighed less.
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• Model overfitting (when a model ‘learns’ the training data too well and cannot dis-
criminate ‘noise’ values and outliers, its performance on new data is harmed) or
underfitting (when the principles for the development of a model are too simplistic to
capture the underlying patterns within the data, leading to poor performance even on
the training data). In our case, the use of variables with confirmed scientific signifi-
cance for the development of mastitis has reduced those risks. In this context, many
health-related factors have thus been assessed and included in the model that was
finally developed.

• Model selection issues, for example, inappropriate model choice (i.e., use of a model
unsuitable for the type of data available or the specific problem under investigation)
or hyperparameter tuning (i.e., use of suboptimal hyperparameter settings) can lead
to poor performance of a model. In our case, the use of supervised and unsupervised
learning methodologies and the evaluation of a variety of tools and methodologies
have lowered the relevant risks.

It is noted that the developed model is of value primarily for dairy sheep farms. Whilst
there are similarities between sheep flocks in accordance with the type of production system
(e.g., dairy, meat), there are also significant differences in various management-related
practices (for example, the lack of milking in the latter flocks). Hence, the developed model
needs to be carefully evaluated and appropriately tuned before potential usage in sheep
farms applying a different production type.

Addressing these constraints is crucial for unlocking the full potential of machine
learning methodologies in the detection of subclinical mastitis in ewes.

5. Conclusions

A prediction model for the prevalence of subclinical mastitis in sheep flocks has
been developed using field data, and it showed superior performance. The model may
function as a valuable tool for supporting decisions made by clinicians in formulating
control schemes of mastitis in dairy sheep. The findings of this study indicate that machine
learning algorithms can be usefully employed in predicting the level of subclinical mastitis
in dairy sheep farms. Machine learning can take into account routinely available data
(e.g., information about practices related to health management and climatological records)
in order to provide predictions regarding the level of a financially significant disease of
sheep. The binary prediction of the infection prevalence can help clinicians, particularly in
intricate scenarios where forecast errors are more likely. A combination of unsupervised
and supervised learning methodologies was applied in this study. The K-means and
Support vector machines were the specific tools found to provide the best measures of
quality in the study. The identification of variables with a major impact on the prediction of
subclinical mastitis supports the application of relevant adjustments in health management
in sheep flocks to facilitate control of subclinical mastitis.

The findings will facilitate setting up appropriate measures and making interven-
tions in dairy sheep farms. Future research could explore further areas, for example,
fine-tuning model parameters and incorporating additional data sources to improve the
output of the model. In all, machine learning can advance sheep farming by addressing
challenges, improving decision-making processes, and enhancing veterinary clinical work
and professional outputs.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/ani14162295/s1, Table S1: Proportion of ewes among total number
of ewes on farms in 111 sheep flocks during a countrywide investigation into subclinical mastitis in
Greece; Table S2: Steps taken during the procedure for the development of the computational model
to predict prevalence of subclinical mastitis in dairy sheep farms; Table S3: Description of components
of 543,948,800 assessments performed during the evaluation for construction of computational model
by means of supervised learning; Table S4: Summary of results of measures of quality of applying
four supervised learning tools for the classification of 113 records from 111 sheep farms in two
categories (according to the level of prevalence of subclinical mastitis found in the farms); for each
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tool and outcome mean value found overall, considering assessment of all hyperparameters and
all different evaluations performed by resampling, shuffling, and k-fold methods (k = 5); Table S5:
Median (interquartile range) prevalence of subclinical mastitis among two clusters of 113 records
from 111 sheep farms developed through the application of unsupervised learning tools; Table S6:
Differences in independent variables between dairy sheep farm records (n = 113) clustered in accord
with level of subclinical mastitis; Table S7: Measures of quality in the model created by using
the decision trees tool during assessment for classification of sheep farms based on prevalence of
subclinical mastitis; Table S8: Measures of quality in the models created by using the k-NN tool during
assessment for classification of sheep farms based on prevalence of subclinical mastitis; Table S9:
Measures of quality in the models created by using the neural networks tool during assessment
for classification of sheep farms based on prevalence of subclinical mastitis; Table S10: Measures
of quality in the models created by using the Support vector machines tool during assessment for
classification of sheep farms based on prevalence of subclinical mastitis.
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