Preventive Veterinary Medicine 187 (2021) 105237

Contents lists available at ScienceDirect

Preventive Veterinary Medicine
journal homepage: www.elsevier.com/locate/prevetmed

Application of machine learning to improve dairy farm management: A
systematic literature review
Naftali Slob a, Cagatay Catal b, Ayalew Kassahun a, *
a
b

Information Technology Group, Wageningen University & Research, Wageningen, The Netherlands
Department of Computer Engineering, Bahcesehir University, Istanbul, Turkey

A R T I C L E I N F O

A B S T R A C T

Keywords:
Dairy cows
Systematic literature review
Machine learning
Decision support
Disease detection

In recent years, several researchers and practitioners applied machine learning algorithms in the dairy farm
context and discussed several solutions to predict various variables of interest, most of which were related to
incipient diseases. The objective of this article is to identify, assess, and synthesize the papers that discuss the
application of machine learning in the dairy farm management context. Using a systematic literature review
(SLR) protocol, we retrieved 427 papers, of which 38 papers were determined as primary studies and thus were
analysed in detail. More than half of the papers (55 %) addressed disease detection. The other two categories of
problems addressed were milk production and milk quality. Seventy-one independent variables were identified and
grouped into seven categories. The two prominent categories that were used in more than half of the papers were
milking parameters and milk properties. The other categories of independent variables were milk content, pregnancy/
calving information, cow characteristics, lactation, and farm characteristics. Twenty-three algorithms were identi
fied, which we grouped into four categories. Decision tree-based algorithms are by far the most used followed by
artificial neural network-based algorithms. Regression-based algorithms and other algorithms that do not belong to
the previous categories were used in 13 papers. Twenty-three evaluation parameters were identified of which 7
were used 3 or more times. The three evaluation parameters that were used by more than half of the papers are
sensitivity, specificity, RMSE. The challenges most encountered were feature selection and unbalanced data and
together with problem size, overfitting/estimating, and parameter tuning account for three-quarters of the challenges
identified. To the best of our knowledge, this is the first SLR study on the use of machine learning to improve
dairy farm management, and to this end, this study will be valuable not only for researchers but also practitioners
in dairy farms.

1. Introduction
Farms all over the world aim to become more efficient to ensure that
they stay profitable. The need for efficiency is also driven by the steady
growth of the world population; thus, the need for a growing amount of
food (Godfray et al., 2010). To become more efficient, the farmer needs
to make the right decisions on, for example, when to inseminate, what to
feed, and when to treat an animal. Most farmers make these decisions
based on their observations and experience. However, gaining experi
ence takes a lot of time, and observing every activity on a commercial
farm is generally impractical. In the dairy sector, for instance, where the
herd sizes keep increasing (Barkema et al., 2015), sensing and auto
mated decision-making have become indispensable.
To gain more insights into their farms, farmers increasingly rely on

data and likewise collect and analyse as much data as possible. Farms
collect various types of data using several types of sensors. Data about
the health of cows is collected, for instance, by motion sensors worn by
the cows and sensors attached to milking robots. Most farmers are
obviously not capable of processing the raw data by themselves and rely
on the features available in Farm Management Information Systems
(FMISs) they use to manage and process data. In the past, FMISs used to
be simple farm resource management systems, but nowadays, some of
these systems are capable of processing detailed sensor data and
providing extensive decision-support functionalities (Fountas et al.,
2015). However, the full potential of data from various sensors can be
utilized only when FMISs start to incorporate machine learning algo
rithms to support or automate the decision making processes at farms.
Machine Learning (ML) is a subfield of AI (Artificial Intelligence) and
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uses complex algorithms to solve challenging problems that are difficult
to solve with traditional approaches (Rebala et al., 2019). An ML pre
diction model is developed by first training the algorithms used with a
training dataset and then validating the model with a separate valida
tion dataset. A dataset used for ML consists of features (i.e., independent
variables) and the corresponding outcome (i.e., a dependent variable).
Using a training dataset, an algorithm can compute optimal parameters
for the algorithm. The algorithm together with the parameters consti
tutes a prediction model. A prediction model is used to predict the
outcome (for instance, the occurrence of mastitis) for a given set of
values of the features used, thereby supporting decision making about
the predicted outcome. Before a prediction model is used in practice to
support decision making, it should be validated. Thus, after the pre
diction model is built, it is checked against a validation dataset con
taining features and the corresponding outcomes that were not used in
the training of the model to check how well the model performs. In an
ideal situation, the model provides similar performance as in the case of
the training set. Models that perform well in testing can be used in
practice. Though the process of training, testing, and using ML models is
straightforward, building a highly accurate prediction model comes
with multiple challenges such as which features to use, what algorithms
to choose, and how to deal with large amounts of data.
In the dairy sector, ML is already being used in quite diverse ways,
for example, to detect lameness (Taneja et al., 2020) and predict the
calving time (Keceli et al., 2020) using data from motion and activity
detectors, and to detect early-stage mastitis (Dhoble et al., 2019) using
data from milking robots. However, there is a lack of overview of the
algorithms used, the problems addressed, and the challenges faced when
applying ML to the dairy sector. In this research, we aimed to present an
overview of the application of ML in the dairy farm context by system
atically reviewing the scientific literature.

entitled "Guidelines for performing Systematic Literature Reviews in Soft
ware Engineering". The SLR process can be represented with three main
phases: planning the review, conducting the review, and reporting the review.
In the planning phase, the research questions are determined, and
the systematic search protocol is defined. The search protocol includes
making choices as to which databases to search, what search strings to
use, and what selection criteria to apply. In the second phase, the search
protocol is executed by collecting the publications from the chosen da
tabases using the defined search criteria and analysing the selected
primary studies. The search strings are used to search the title, abstract,
and keywords fields of the databases. The papers found are subjected to
study selection criteria and those that pass the selection criteria are
collected. The relevant data that is needed to answer the research
questions are then extracted from the selected papers. This data is syn
thesized to generate an overview of published articles. In the third and
last phase, the research questions are addressed, and the results are re
ported using supporting figures and summary tables.

2. Background and related work

3.2. Databases

A Systematic Literature Review (SLR) is used to gather and sum
marize the state-of-the-art on a certain research topic (Kitchenham et al.,
2007). Besides, an SLR study can also help to identify the challenges that
need to be addressed and thus paves the way for further research. An
SLR should be a fair and comprehensive assessment of the
state-of-the-art, and this is achieved by defining an SLR protocol in
advance (Kitchenham et al., 2007).
Though we were able to find a few SLR studies on the application of
ML in the agriculture sector, we were unable to find any SLR study that
focused on the dairy sector. Recently, Van Klompenburg et al. (2020)
made an SLR of the literature on crop yield prediction using ML. They
concluded that the main challenge encountered when applying ML in
arable farming is the lack of high-quality datasets, which directly affects
the performance of the models. Wilkinson et al. (2020) reviewed pasture
grazing in the dairy sector and concluded that some of the challenges
faced in making milk production more efficient using existing resources
could be dealt with using ML. Dongre and Gandhi (2016) reviewed the
literature on the application of ML in the dairy sector and concluded that
Neural Networks (NN) perform better than linear or classical methods
when predicting production parameters. Eckelkamp (2019) concluded
that the use of ML algorithms in combination with variables obtained by
wearable precision dairy technologies could provide more precise and
disease-specific alerts. fpo
However, to the best of our knowledge, no SLR study has been per
formed yet on the application of ML in the dairy sector. This article
addressed this gap in the current literature by providing an extensive
and systematic review of up-to-date articles published in scientific
journals.

For this SLR, the following databases have been used: Scopus, Web of
Science, Science Direct, IEEE Xplore, Wiley, and Springer Link. These
databases were selected to ensure good coverage in the dairy sector.
Besides, forward and backward snowballing is conducted.

3. Methodology

3.4. Search strings

3.1. Research questions
The following research questions have been defined for this SLR
study:
RQ1 - What kind of problems are solved using ML and what ML tasks
are these problems mapped into?
RQ2 - What independent and dependent variables are used to build
the ML models?
RQ3 - What ML algorithms are applied for the models?
RQ4 - Which evaluation parameters and which evaluation ap
proaches are used?
RQ5 - Which algorithm performs the best?
RQ6 - What are the challenges reported in the identified articles?

3.3. Search strategy
The search started with a broad search string in the selected data
bases. Initially, the search string: "machine learning" AND "dairy
farming" was used. The abstracts of retrieved studies were read to find
synonyms that can be added to the search string. The term "Milk*" was
added to narrow the search down to the specific studies related to milk.
This resulted in the following search string: ("Milk*") AND ("dairy farm*"
OR "dairy industry" OR "dairy cow*" OR "dairy cattle") AND ("machine
learning" OR "machine-learning" OR "artificial intelligence" OR
"computational intelligence" OR "data mining"). This search string was
used to search the databases in the abstract, article title, and keywords
fields.
Selected publications were used to perform snowballing. Snow
balling is a search technique that uses the already identified publications
to find additional ones. This can be done using two methods, looking at
the reference list of the publication (a.k.a., backward snowballing) or
looking for publications that cited the identified publications (a.k.a.,
forward snowballing). Both forward snowballing and backward snow
balling have been performed during this SLR study. Publications
retrieved by snowballing were also checked using the study selection
criteria. The publications that passed the check were added to the list of
selected publications.

This SLR study follows the guideline of Kitchenham et al. (2007)

The search string had to be adjusted for each database. ScienceDirect
2
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doesn’t allow the use of wildcards, and it has a maximum of eight AND/
OR operators. Therefore, in the search string for ScienceDirect, "Milk*"
was changed to just milk, and ("dairy farm*" OR "dairy industry" OR
"dairy cow*" OR "dairy cattle") was changed to "dairy". Wiley does not
support searching in the combined fields of the abstract, article title, and
keywords; therefore, the search was performed anywhere in the publi
cation. Like Wiley, Springer Link does not support searching in the ab
stract, article title, and keywords, and thus the search string was used to
search anywhere in the publication. The search strings per database are
shown as follows:
Scopus, Web of Science, IEEE, Wiley, Springer Link: ("Milk*")
AND ("dairy farm*" OR "dairy industry" OR "dairy cow*" OR "dairy
cattle") AND ("machine learning" OR "machine-learning" OR "artificial
intelligence" OR "computational intelligence" OR "data mining").
ScienceDirect: Milk AND Dairy AND ("machine learning" OR "ma
chine-learning" OR "artificial intelligence" OR "computational intelli
gence" OR "data mining").

Fig. 1 shows the flow diagram of the selection process of the primary
studies and Fig. 2 shows the distribution of selected primary studies
according to quality assessments.
3.7. Data extraction, synthesis and reporting
To respond to research questions, relevant data were extracted from
the selected publications. This was done by reading the article in full.
The relevant data needed to address the research questions were gath
ered from all of the primary studies (which we hereafter simply refer to
as papers) in a spreadsheet. During the extraction phase, each answer
was assigned to a different column, and each publication was assigned to
a specific row. The data collected during the extraction phase had to be
synthesized in order to get a better insight into the data.
For most of the research questions, the identified attributes, such as
problems and features were categorized into fewer groups. This was
done when too many attributes were identified. The categories defined
are as follows. In RQ-1, the problems were categorized into disease
detection, milk production-related, milk quality related. In RQ-2, the
independent variables were categorized into milking parameters, milk
properties, milk content, pregnancy/calving, cow characteristics,
lactation, farm characteristics. Milking parameters are about a milking
of a cow, for instance, the milk time. Milk properties are properties like
conductivity and colour that are measured from the milk but are not
related to the content of the milk. Milk content is about the content of
the milk, such as milk fat, lactose, and protein. In RQ-3 and RQ-5, the
algorithms were categorized into decision tree-based algorithms, arti
ficial neural network-based algorithms, regression-based algorithms,
and others. In RQ-6, the challenges identified were categorized into
problem size, unbalanced data, other data-related challenges, over
fitting, parameter tuning, and feature selection. The problem size chal
lenge is about the size of the problem to be solved. Some papers stated
that it took very long to run a certain step, or the data had to be divided
into smaller pieces to be able to process. The category unbalanced data
refers to papers that stated the unbalanced characteristics of the datasets
(i.e., most data points belong to a certain class). Other data-related
challenges are challenges related to the data used in the paper but do
not fit into the other groups. For instance, missing data or data from
different farms are some examples of this challenge.
The final step of this SLR was reporting the results presented in the
results section and answering each research question.

3.5. Selection criteria
The selection criteria are used to ensure that only relevant studies are
processed. Relevant studies, in this case, are studies that contain data
that can be used to answer the research questions. The criteria are
determined beforehand to reduce the chance of biased criteria (Kitch
enham et al., 2007). For a paper to be included, all the exclusion criteria
must be false, and the inclusion criteria must be true.
The exclusion criteria used were the following.
1
2
3
4
5
6

The publication is not related to ML in the dairy sector.
The publication is not written in English.
The publication is a duplicate study.
There is no full text available for publication.
The publication is a review or survey paper.
The publication has been published before 2010.
The inclusion criteria used were the following.

1 The publication is about the use of ML for predictions related to milk
in the dairy sector.
2 The publication is a primary study.
3.6. Collecting and filtering publications

4. Results

The publications were collected from the selected databases using
the search string and snowballing. The output of the different searches
was gathered in a spreadsheet application. The publications retrieved
were then checked against the study selection criteria. The publication
that passed the selection criteria were then subjected to quality assess
ment in order to ensure that only high-quality papers are included as
primary studies. Eight quality assessment questions that were derived
from the study of Kitchenham et al. (2009) were applied. A paper is
given a score of 1 (yes), 0 (no), or 0.5 (somewhat) against each question.
If the total score of the paper was lower than four, the paper was
excluded. The assessment questions used were:

In total, 427 publications were retrieved from the databases. After
applying the study selection criteria, performing snowballing, and
quality assessment, 38 publications were selected for further analysis.
These 38 publications are presented in Table 1, which contains the title
and authors of the selected papers.
Table 2 shows the number of papers that were identified using the
specific data source. Backward and forward snowballing were combined
into a snowballing data source category. If a publication can be accessed
from multiple databases, all of them are counted as a source for that
publication; therefore, the sum of the publication exceeds the number of
papers, which is 38. Wiley was the only database from which no papers
were selected.
The six research questions formulated in section 3 are addressed oneby-one in the following subsections.

• Q1: Are the aims of the study clearly stated?
• Q2: Are the scope and experimental design of the study defined
clearly?
• Q3: Are the variables in the study likely to be valid and reliable?
• Q4: Is the research process documented adequately?
• Q5: Are all the study questions answered?
• Q6: Are the negative findings presented?
• Q7: Are the main findings regarding creditability, validity, and
reliability stated?
• Q8: Do the conclusions relate to the aim of the purpose of the study?

4.1. Problems addressed and ML tasks applied
The problems that the papers dealt with were divided into three
categories, namely disease detection, milk production, and milk quality.
The categories were made after information about problems found in the
papers was extracted and analysed. The first clear category of problems
that we identified was disease detection. The problems in this category
3
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Fig. 1. The flow diagram of the primary study selection process.

Fig. 2. Quality score distribution of selected papers.

are exclusively about predicting specific diseases. Milk production is
about the amount of milk produced, and milk quality is more about the
quality characteristics of milk. However, the distinction between these
two last categories was not always easy to decern. Table 3 shows the
problems per category and the number of papers per problem category.
Each paper was assigned to only one problem category since all papers
stated only one main problem.
The papers were finally mapped into the three types of ML tasks as
shown in Table 4. Few papers applied multiple ML tasks, and thus the
total (i.e., 40) is larger than the number of papers (i.e., 38). The most
dominant ML task applied is classification, and the least dominant is
clustering. This result shows researchers approached problems in dairy
farming primarily as a classification problem.

seven categories. These categories and the independent variables and
the percentage of papers per category of independent variables are
displayed in Table 5.
Milking parameters are the variables that contain information about
the milking process. Milk properties are properties that are measured
from the milk such as conductivity and colour but are not related to the
content of the milk. Milk content is about the content of the milk, such as
milk fat, lactose, and protein. All the variables that are related to
insemination, pregnancy, and calving belong to the category of preg
nancy/calving information. Information about the individual cows, such
as weight, temperature, and movements are cow characteristics. Lactation
refers to variables that concern the lactation of a cow, for example, days
in milk and lactation reason. Variable containing information about the
whole herd or farm is in category farm characteristics. The variable milk
data, which contained information that belonged to both milking pa
rameters and milk properties, is included in both categories.
Papers often used multiple variables as input in their models, and
while some papers used multiple variables from only one category,
others used one or few variables from multiple categories. Therefore, the
results do not necessarily reflect how often the individual independent

4.2. Independent and dependent variables used
In total, 69 different independent variables were identified. Five
different independent variables were used per paper on average. There
was one paper that did not state what independent variables were used.
To get a better overview, the independent variables were grouped into
4
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Table 1
Title and authors of the identified papers in the SLR study.
#

Title

Author

1

Detecting the relationship of California mastitis test
(CMT) with electrical conductivity, composition,
and quality of the milk in Holstein-Friesian and
brown swiss cattle breeds using cart analysis
Predicting first test day milk yield of dairy heifers
Cytometric fingerprinting and machine learning
(CFML): A novel label-free, objective method for
routine mastitis screening
A large-scale study of indicators of sub-clinical
mastitis in dairy cattle by attribute weighting
analysis of milk composition features: Highlighting
the predictive power of lactose and electrical
conductivity
Hierarchical pattern recognition in milking
parameters predicts mastitis prevalence
Short communication: Use of genomic and
metabolic information as well as milk performance
records for prediction of subclinical ketosis risk via
artificial neural networks
Using decision trees to extract patterns for dairy
culling management
Extraction of Patterns to Support Dairy Culling
Management
Application of neural network and adaptive neurofuzzy inference system to predict subclinical
mastitis in dairy cattle
Investigating associations between milk metabolite
profiles and milk traits of Holstein cows
Mastitis detection in dairy cows: The application of
support vector machines
Milk quality control requirement evaluation using a
handheld near-infrared reflectance
spectrophotometer and a bespoke mobile
application
On the utilization of deep and ensemble learning to
detect milk adulteration
Comparison of forecast models of production of
dairy cows combining animal and diet parameters
Statistical modelling of somatic cell counts using
the classification tree technique
Analysis the relationship of physiological,
environmental, and cow milk productivity using AI
Investigating the impact of physiological aspect on
cow milk production using artificial intelligence
Comprehensive analysis of machine learning
models for prediction of sub-clinical mastitis: Deep
Learning and Gradient-Boosted Trees outperform
other models
Detection of high levels of somatic cells in milk on
farms equipped with an automatic milking system
by decision trees technique
An Early Detection System for Proactive
Management of Raw Milk Quality: An Australian
Case Study
Decision-tree induction to detect clinical mastitis
with automatic milking
Automated prediction of mastitis infection patterns
in dairy herds using machine learning
Neural Networks for Robotic Detection of Mastitis
in Dairy Cows: Netherlands and New Zealand
Perspectives
Detection of mastitis and its stage of progression by
automatic milking systems using artificial neural
networks
Comparison of modelling techniques for milkproduction forecasting
Subclinical mastitis prediction in dairy cattle by
application of fuzzy logic
Application of the support vector machine to
predict subclinical mastitis in dairy cattle
Detection of clinical mastitis with sensor data from
automatic milking systems is improved by using
decision-tree induction

(Aytekin et al., 2018)

2
3
4

5
6

7
8
9
10
11
12

13
14
15
16
17
18

19
20
21
22
23
24
25
26
27
28
29

Table 1 (continued )
#

30
31

(Dallago et al., 2019)
(Dhoble et al., 2019)

32
33

(Ebrahimie et al.,
2018b)

34

(Ebrahimie et al.,
2018a)
(Ehret et al., 2015)

35

36

(Lopez-Suarez et al.,
2018)
(López-Suárez et al.,
2018)
(Mammadova and
Keskin, 2015)

37

38

(Melzer et al., 2013)
(Miekley et al., 2013)
(Muñiz et al., 2020)

Title

Author

Data mining to detect clinical mastitis with
automatic milking
Quantification of whey in fluid milk using confocal
Raman microscopy and artificial neural network
Application of Classification Tree Method to
Determine Factors Affecting Somatic Cell Count in
Holstein Cows
Comparison of data driven mastitis detection
methods
Detection of dairy cattle Mastitis: modelling of
milking features using deep neural networks
Comparative efficiency of artificial neural networks
and multiple linear regression analysis for
prediction of first lactation 305-day milk yield in
Sahiwal cattle
The discrimination of raw and UHT milk samples
contaminated with penicillin G and ampicillin
using image processing neural network and
biocrystallization methods
Classification of cow milk using artificial neural
network developed from the spectral data of singleand three-detector spectrophotometers
Lactation milk yield prediction in primiparous cows
on a farm using the seasonal auto-regressive
integrated moving average model, nonlinear
autoregressive exogenous artificial neural networks
and Wood’s model
Effect of introducing weather parameters on the
accuracy of milk production forecast models

(Kamphuis et al.,
2010b)
(Alves da Rocha et al.,
2015)
(Ghiasi et al., 2019)
(Jensen et al., 2019)
(Khamaysa Hajaya
et al., 2019)
(Dongre et al., 2012)

(Unluturk et al., 2013)

(Behkami et al., 2019)
(Grzesiak et al., 2020)

(Zhang et al., 2020)

Table 2
Number of selected papers found per source.

(Neto et al., 2019)
(Nguyen et al., 2020)
(Piwczynski and
Sitkowska, 2012)
(Sugiono et al., 2017a)
(Sugiono et al., 2017b)
(Ebrahimi et al., 2019)

Data Sources

# of papers

Scopus
Web of Science
Snowballing
ScienceDirect
SpringerLink
IEEE
Wiley

17
15
15
8
4
1
0

Table 3
Different problem categories and the number of papers per problem category.

(Sitkowska et al., 2017)
(Zakeri et al., 2018)
(Kamphuis et al.,
2010a)
(Hyde et al., 2020)

Problem category

Problems included in the problem category

# of
papers

Disease detection
Milk productionrelated
Milk qualityrelated

Mastitis, Ketosis
Milk production, Average milk production, First
lactation, First test, Milk yield
Milk quality, Antibiotics residues detection, Milk
components, Milk traits, Milk adulteration

21
10
7

Table 4
Number of papers per ML task applied.

(Samarasinghe et al.,
2018)
(Sun et al., 2010)
(Murphy et al., 2014)
(Mikail and Keskin,
2015)
(Mammadova and
Keskin, 2013)
(Kamphuis et al.,
2010c)

ML task

# of papers

Classification
Regression
Clustering

26
12
2

variables were used. Moreover, since many papers used variables from
more than one category of independent variables, the sum of the per
centages (251 %) far exceeds the expected total of 100 %.
Twelve dependent variables were used in the papers. These depen
dent variables are: has Mastitis, first test day milk yield, lactation stage,
average milk yield first lactation, milk traits, milk components, adul
teration, milk yield, milk stage, β-hydroxybutyric acid, contain
5
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Table 5
Independent variables and the percentage of papers per variable category.

Table 7
Algorithms per category.

Variable category

Independent variables

% of
papers

Algorithm Categories

Applied Algorithms

# of
papers

Milking parameters

Deviation of milk yield, Milk sampling, Milk
yield, Milk frequency, Peak flow, Milk data,
Running mean yield, Milk volume, Milk time
Deviation of electric conductivity, Autofluorescence, Raman spectra, Colour, Running
mean conductivity, Flow cytometry, Spectral
data, pH, FD quarters, Freezing point,
Conductivity, Milk data, Colour image
Milk BHB, Phosphocholine, Milkfat, Casein,
Milk urea, Solids non-fat, Lactose,
Glycerophosphocholine, Fat/Protein ratio,
Protein, Metabolites
Calve to insemination, Calve to conception,
Twinning, Calving month, Calving year,
Inseminations 2nd calf, Calving season, Calf
survival
Morphological qualification, Birth season, Birth
month, SNP genotype, Weight, Breeding index,
Temperature cow, Gain 12− 15, Production
index, Heart rate, Rumination, Milked
Lactation reason, Lactation, Days milking,
Lactation start
Tank temperature, Relative humidity, Air speed,
Production level herd, Oxygen ppm, Herd size,
Environment temperature, Tank level, Food
values, Season, Soil temperature, Rainfall, Sun
hours

66 %

Decision tree-based
algorithms

Classification & regression tree, Decision
tree model, Random forest, Decision stump
model, Random tree model, Gradient
boosting machine, Gradient boosting tree
Artificial neural network, Adaptive NeuroFuzzy Interface System, Convolutional
neural network, Nonlinear autoregressive
model with exogenous input, Deep neural
network, Self-organizing maps, Multilayer
perceptron
Multivariate linear regression, Generalized
linear model, Partial least squares, Multiple
linear regression, Logistic regression
Support vector machine, Fuzzy logic model,
Bayesian network, JADE

29

Milk properties

Milk content

Calving/Pregnancy
information
Cow characteristics

Lactation
information
Farm characteristics

58 %

Artificial Neural
Network-based
algorithms

32 %
Regression-based
algorithms

29 %

Others

29 %

24

13
13

the sum total of the number of papers exceeds the number of papers.
Based on this result, we observe that researchers preferred decision treebased algorithms and Artificial Neural Networks (ANN) algorithms.
Decision tree-based algorithms are more popular than ANN-based al
gorithms probably because the former can be explained much easier
than the later ones. ANN works as a black-box approach, and the internal
decision rules cannot be determined and shared with the domain ex
perts. However, the if-else decision rules of decision tree-based algo
rithms can help domain experts to understand the decision process.
Fig. 3 shows a cross-tabulation of algorithm categories and the
problem categories they are used to address. This result shows that treebased algorithms were used mainly for disease detection, while ANNbased algorithms were used more or less equally in all problem cate
gories. Fig. 4 shows a cross-tabulation of algorithm categories and the
categories of independent variables used. This result shows that milking
parameters and milk properties are not only the most popular inde
pendent variables, but they are also the most used by all algorithm
categories except regression-based algorithms. The application of
various algorithms has picked up since 2018, and in recent years ANNbased algorithms have been applied most often as shown in Fig. 5.

21 %
16 %

Legend: Deviation of milk yield: Deviation from the 5-day moving average of milk
yield.
Deviation of electric conductivity: Deviation from the 5-day moving average of
electric conductivity.
FD quarters: Fractional deviation from other quarters conductivity.
Milk BHB: milk β-hydroxybutyrate.
Calve to insemination: The interval between calving and first insemination after
that calving.
Calve to conception: Days from calving to conception of the new calve.
Inseminations 2nd calf: Number of inseminations needed to conceive 2nd calf.
Gain 12− 15: Average gain between 12− 15 months old.
Tank temperature: Temperature milk in the tank.
Tank level: Level milk in the tank.

4.4. Evaluation parameters and approaches used

antibiotics, and sampling site. Often, papers used different names for the
same dependent variable, in which case we chose only one of the names.
This happened multiple times for the dependent variable has Mastitis.
Four dependent variables that are used more than once and the number
of papers that used them are displayed in Table 6. Has Mastitis is by far
the dependent variable most used; 50 % of the papers dealt with this
dependent variable.

We identified 23 evaluation parameters that were used in the papers.
The following evaluation parameters were used more than three times:
sensitivity, specificity, error, accuracy (ACC), root mean squared error
(RMSE), mean square error (MSE), area under the roc curve (AUC), Gini
index (GI), and Coefficient of determination (R2); the rest were were used
three times or less. The percentage of papers using a certain evaluation
parameter is shown in Table 8. Some papers used multiple evaluation

4.3. ML algorithms applied
The algorithms were divided into the following four categories: de
cision tree-based, artificial neural network-based, regression-based algo
rithms, and others. Different categories may have been possible, but we
decided that this was the best categorization after long deliberation.
Table 7 presents these four categories, the algorithms belonging to them,
and the number of papers that used an algorithm from the categories.
Since some papers used multiple algorithms from different categories,
Table 6
Number of papers per dependent variables.
Dependent variable

# papers

Has Mastitis
Milk yield
Average milk yield first lactation
Adulteration

19
5
4
2

Fig. 3. Distribution of papers according to the algorithm categories used and
the problem category addressed.
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Fig. 4. Distribution of papers according to the algorithm and feature categories used.

Fig. 5. Distribution of papers per year and algorithm category.

method section of the papers. As the results show, the hold-out approach
is the approach used most.

Table 8
Percentage of papers using a certain evaluation parameter.
Evaluation parameter

% of papers

Sensitivity
Specificity
RMSE
ACC
Errors
R2
MSE
AUC
GI

34 %
34 %
21 %
18 %
18 %
16 %
11 %
11 %
11 %

4.5. Best performing algorithms
All the papers stated the best performing algorithm based on their
analysis of a problem. If the research used only one algorithm, that al
gorithm was noted as the best one. The algorithms were grouped in the
same manner as is done for RQ3. All papers except one identified only
one algorithm as the best performing at handling the problem: 17 papers
identified ANN-based, 15 papers decision tree-based, and 7 others as
best performing algorithms. No paper identified regression-based algo
rithms as best performing algorithms, indicating that regression-based
algorithms were used mainly as benchmark algorithms.

parameters, and as a result, the sum of the percentage of papers is larger
than 100 %.
Two evaluation approaches were identified: cross-validation and holdout. Two papers did not state what type of evaluation approaches they
used. Three other papers used both cross-validation and hold-out ap
proaches as their evaluation approaches; 21 papers used hold-out only,
and 14 papers used cross-validation only evaluation approaches. Papers
did not always state the name of the validation approach clearly; in
which case we deduced the approach used by thoroughly reading the

4.6. Challenges identified
The papers stated various kinds of challenges they had to deal with
during their research. Only one challenge per paper is used in this SLR.
The category problem size is about the size of the problem that needs to
be solved. For example, papers stated that it took very long to run a
certain step, or the data had to be divided into smaller pieces to be able
7
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consideration. When a paper applied one algorithm only, that algorithm
was treated as the best performing algorithm in that paper. Twenty-one
papers used only one algorithm, and on average, papers used two
different algorithms. To this end, these 21 papers affected the results
severely. A possible remedy to this could be using a weighting mecha
nism, where algorithms get a score based on the number of algorithms
that were worse within the paper. However, these papers might have a
good reason to use only one algorithm; for example, earlier research
might show that the preferred algorithm is the best for that specific task.
Nevertheless, we recommend researchers to substantiate their choice for
a particular algorithm in future research.
In our analysis, we stated the challenges only and this may seem to
suggest that no solutions were available to the challenges. For most
challenges, this is not true; papers often stated what they did to over
come these challenges. Overfitting is mostly managed by pruning; a
different approach was controlling the percentage of elements of each
class. If the child nodes of a node decreased the percentage of objects
that belong to the majority class, the node would be considered as a leaf
(Lopez-Suarez et al., 2018). Some papers that experienced the challenge
of problem size, found a possible solution in splitting or selecting data.
Splitting meant that they would run the same model across multiple
sub-datasets of the large dataset; this was done because the software
could not handle the large dataset. Selecting useful data was also done to
reduce the amount of data; only the data concerning the period of in
terest was selected. As a solution to the challenge of parameter tuning, a
paper used a genetic algorithm. Different papers used a probability
density function to determine the class threshold. Some papers chose to
use the area under the ROC (receiver operating characteristic) curve as
an evaluation parameter when they had to deal with unbalanced data.
Another solution was to split the data into sets that contained relatively
more sick cows than the original dataset. Papers used attribute
weighting modules to determine what features to include in the module;
this is done because more features do not always mean a better result.
The main threat to validity in this SLR is the database search. Six
databases were used in this SLR; these databases were chosen based on
the relevance of these databases to the dairy sector. There could be more
papers that were not covered because other citation databases were not
included. Moreover, the search string could have missed some relevant
papers. To minimize the number of missed papers, a broad search was
performed to define the search string containing keywords and syno
nyms. Using snowballing, papers that were not directly retrieved
through the automated search were found. The data extraction is the
next threat to validity because some data might have been missed in this
process. To minimize this factor, the authors cross-checked the process

to process. The category unbalanced data includes papers that stated the
unbalanced characteristics of the datasets (i.e., the majority of data
points belong to a certain class). The other data-related challenges are the
challenges that are related to the data used in the paper but do not fit
into the other groups. Examples of challenges that fit into this category
are missing data, data from different farms. Overfitting/estimating is a
category that contains the challenges of overfitting and overestimating.
We decided to make this a separate category because multiple papers
mentioned this challenge explicitly. The category parameter tuning
category contains all challenges concerning the tuning of the algorithm
using parameters. Challenges such as how many nodes to use for the NN
and determining thresholds between classes fall into this category.
Feature selection is also mentioned by multiple papers as challenging and
thus got its own category. Fig. 6 shows the distribution of the different
challenges that were identified during this SLR. There is no one specific
prominent challenge; the challenges identified most are other datarelated challenges followed by challenges related to feature selection.
5. Discussion
In this paper, we systematically reviewed the literature on the
application of ML in the dairy sector. Thereby, we identified the prob
lems, the variables, the ML algorithms, the evaluation approaches, the
performance of the algorithms, and the challenges related to the use of
ML in the sector.
In the interpretation of the results, the following should be consid
ered. We identified many attributes and for the sake of analysis and
presentation, we categorized many of the attributes. The categorization
is based on our best opinion of the authors and other equally relevant
categorizations are possible.
Some papers did not specify the required information (as in the case
of the evaluation parameter used). A problematic situation arises when
papers did not explicitly state a particular aspect of ML used. For
instance, the independent variable spectral data is counted as one vari
able in the SLR; however, this variable may be a composite variable
containing other variables that were not discussed in the paper.
This SLR did not group deep learning algorithms in a separate
category because only three papers were identified that used deep
learning algorithms, which are: Ebrahimi et al. (2019); Khamaysa
Hajaya et al. (2019), and Khamaysa Hajaya et al. (2019). These papers
were categorized as artificial neural network-based algorithms. However,
deep learning algorithms are considered to be very promising and may
be of particular interest in future research.
Our analysis of best-performing algorithms requires careful

Fig. 6. Distribution of papers per challenge.
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and each outcome. This SLR study followed the procedure stated by
Kitchenham et al. (2007). This procedure is well-defined and widely
used; as such, the reproduction of this research is possible.

era of automation at the 2018 ADSA annual meeting in Knoxville, Tennessee.
J. Appl. Anim. Sci. 35, 209–220. https://doi.org/10.15232/aas.2018-01801.
Ehret, A., Hochstuhl, D., Krattenmacher, N., Tetens, J., Klein, M.S., Gronwald, W.,
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artificial neural networks. J. Dairy Sci. 98, 322–329. https://doi.org/10.3168/
jds.2014-8602.
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Liakos, B., Canavari, M., Wiebensohn, J., Tisserye, B., 2015. Farm management
information systems: current situation and future perspectives. Comput. Electron.
Agric. 115, 40–50. https://doi.org/10.1016/j.compag.2015.05.011.
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10.5713/ajas.19.0939, 0-0.
Hyde, R.M., Down, P.M., Bradley, A.J., Breen, J.E., Hudson, C., Leach, K.A., Green, M.J.,
2020. Automated prediction of mastitis infection patterns in dairy herds using
machine learning. Sci. Rep. 10 https://doi.org/10.1038/s41598-020-61126-8.
Jensen, D., Van Der Voort, M., Kamphuis, C., Athanasiadis, I., De Vries, A., Hogeveen, H.,
2019. Comparison of data driven mastitis detection methods. In: 9th European
Conference on Precision Livestock Farming. ECPLF, pp. 626–632, 2019.
Kamphuis, C., Mollenhorst, H., Feelders, A., Pietersma, D., Hogeveen, H., 2010a.
Decision-tree induction to detect clinical mastitis with automatic milking. Comput.
Electron. Agric. 70, 60–68. https://doi.org/10.1016/j.compag.2009.08.012.
Kamphuis, C., Mollenhorst, H., Heesterbeek, J.A.P., Hogeveen, H., 2010b. Data mining to
detect clinical mastitis with automatic milking. In: Hillerton, J.E. (Ed.), Proceedings
of the 5th IDF Mastitis Conference: Mastitis Research into Practice, Christchurch,
New Zealand, 21-24 March 2010. Wellington, New Zealand,, pp. 568–572.
Kamphuis, C., Mollenhorst, H., Heesterbeek, J.A.P., Hogeveen, H., 2010c. Detection of
clinical mastitis with sensor data from automatic milking systems is improved by
using decision-tree induction. J. Dairy Sci. 93, 3616–3627. https://doi.org/10.3168/
jds.2010-3228.
Keceli, A.S., Catal, C., Kaya, A., Tekinerdogan, B., 2020. Development of a recurrent
neural networks-based calving prediction model using activity and behavioral data.
Comput. Electron. Agric. 170, 105285 https://doi.org/10.1016/j.
compag.2020.105285.
Khamaysa Hajaya, M., Samarasinghe, S., Kulasiri, G.D., Lopez Benavides, M., 2019.
Detection of Dairy Cattle Mastitis: Modelling of Milking Features Using Deep Neural
Networks.
Kitchenham, B., Charters, S., Budgen, D., Brereton, P., Turner, M., Linkman, S.,
Jørgensen, M., Mendes, E., Visaggio, G., 2007. Guidelines for Performing Systematic
Literature Reviews in Software Engineering. Keele University.
Kitchenham, B., Pearl Brereton, O., Budgen, D., Turner, M., Bailey, J., Linkman, S., 2009.
Systematic literature reviews in software engineering – a systematic literature
review. Inf. Softw. Technol. 51, 7–15. https://doi.org/10.1016/j.infsof.2008.09.009.
Lopez-Suarez, M., Armengol, E., Calsamiglia, S., Castillejos, L., 2018. Using Decision
Trees to Extract Patterns for Dairy Culling Management. Springer New York LLC,
pp. 231–239.
López-Suárez, M., Armengol, E., Calsamiglia, S., Castillejos, L., 2018. Extraction of
Patterns to Support Dairy Culling Management. Springer Verlag, pp. 131–142.
Mammadova, N., Keskin, I., 2013. Application of the support vector machine to predict
subclinical mastitis in dairy cattle. Sci. World J. 2013 https://doi.org/10.1155/
2013/603897.
Mammadova, N.M., Keskin, I., 2015. Application of neural network and adaptive neurofuzzy inference system to predict subclinical mastitis in dairy cattle. Indian J. Anim.
Res. 49, 671–679. https://doi.org/10.18805/ijar.5581.
Melzer, N., Wittenburg, D., Hartwig, S., Jakubowski, S., Kesting, U., Willmitzer, L.,
Lisec, J., Reinsch, N., Repsilber, D., 2013. Investigating associations between milk
metabolite profiles and milk traits of Holstein cows. J. Dairy Sci. 96, 1521–1534.
https://doi.org/10.3168/jds.2012-5743.
Miekley, B., Traulsen, I., Krieter, J., 2013. Mastitis detection in dairy cows: the
application of support vector machines. J. Agric. Sci. 151, 889–897. https://doi.org/
10.1017/S0021859613000178.
Mikail, N., Keskin, I., 2015. Subclinical mastitis prediction in dairy cattle by application
of fuzzy logic. Pak. J. Agric. Sci. 52, 1101–1107.
Muñiz, R., Cuevas-Valdés, M., de la Roza-Delgado, B., 2020. Milk quality control
requirement evaluation using a handheld near infrared reflectance
spectrophotometer and a bespoke mobile application. J. Food Compos. Anal. 86
https://doi.org/10.1016/j.jfca.2019.103388.
Murphy, M.D., O’Mahony, M.J., Shalloo, L., French, P., Upton, J., 2014. Comparison of
modelling techniques for milk-production forecasting. J. Dairy Sci. 97, 3352–3363.
https://doi.org/10.3168/jds.2013-7451.
Neto, H.A., Tavares, W.L.F., Ribeiro, D.C.S.Z., Alves, R.C.O., Fonseca, L.M., Campos, S.V.
A., 2019. On the utilization of deep and ensemble learning to detect milk
adulteration. BioData Min. 12 https://doi.org/10.1186/s13040-019-0200-5.
Nguyen, Q.T., Fouchereau, R., Frénod, E., Gerard, C., Sincholle, V., 2020. Comparison of
forecast models of production of dairy cows combining animal and diet parameters.
Comput. Electron. Agric. 170 https://doi.org/10.1016/j.compag.2020.105258.

6. Conclusion
This SLR provided an overview of what has been done on the use of
ML in the dairy sector, specifically focusing on milk production. Based
on the 38 selected primary studies, several interesting observations were
determined. More than half of the papers used ML to detect diseases, and
the ML task most used is classification. The independent variables that
were used mostly belong to the category milking parameters (26 %).
Most papers (66 %) used at least one variable belonging to that category.
Milk properties are also used by more than half of the papers (58 %).
Papers used, on average, five different independent variables. The single
most used dependent variable is the hasMastitis (19 times); this is in line
with the problem that is dealt with the most (i.e., disease detection).
Decision tree-based algorithms and artificial neural network-based al
gorithms are both used in more than half of the papers, 29 and 24 times,
respectively. The two most used evaluation parameters are sensitivity
and specificity; both are used by 34 % of the papers. Papers used two
different evaluation approaches: hold out and cross-validation used by
63 % and 46 % of the papers, respectively. Artificial neural networkbased algorithms were identified as the best performing algorithm by
45 % of the papers. The challenges identified are diverse and no single
challenge is very prominent; the category of challenge most mentioned
belonged to other data-related challenges.
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