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Abstract

Epidemics are a significant issue that affects various aspects of our
lives, both in terms of public health and the global economy. For
this reason, several mathematical models have been developed, such
as compartmental models, agent-based models, and network-based
models, to study the spread of diseases and the role that individual
or community behaviors play in them.

This thesis primarily focuses on the Italian cattle and buffalo move-
ment network and the associated risk of disease spread. When ap-
plying the model mentioned above to this context, several challenges
immediately arise. Indeed, the Italian farms exhibit certain charac-
teristics that are often overlooked and understudied.

Pasture movements are the seasonal displacement of cattle to shared
mountain pastures during the summer months. While movements be-
tween herds must be recorded, this is not the case for movements be-
tween two pastures, complicating both the analysis and the tracking
of contacts.

On the other hand, several farms raise both buffalo and cattle in
the same spaces, facilitating, through proximity, disease transmis-
sion between two different species. The presence of buffalo is often
overlooked in studies of the Italian network. Still, they could have
a significant role, acting as a reservoir for pathogens that can also
infect cattle. Understanding these unique characteristics is crucial to
improving disease modeling and implementing effective containment
or treatment measures.



In this thesis, we will first aim to observe the impact of cattle move-
ments to pastures on the spread of pathogens and explore ways to im-
prove the available data, highlighting existing issues. Subsequently,
we will investigate whether the Italian buffalo network, which has yet
to be studied, could sustain the spread of a pathogen. Finally, we will
assess whether ignoring the potential cattle-buffalo interaction might
lead to an underestimation of epidemic risk.

To achieve this, we will use existing animal movement data to cre-
ate a contact network between different farms. These farms will be
the epidemiological units of interest instead of individual animals.
Using a combination of the three models mentioned above, we will
simulate the spread of a pathogen to test our hypothesis. Addition-
ally, for the cattle-buffalo interaction, we will adapt the concept of a
multilayer network, where each layer will represent the movements of
a single species, and the connections between layers will describe the
interactions occurring within a single farm.

Our findings emphasize the importance of data quality in mod-
eling disease spread in animal populations. We conclude that both
movements to pastures and the dynamics of farms raising both buffalo
and cattle play a significant role that should be better considered and
studied by improving data collection processes beforehand. Further-
more, a comprehensive approach appears crucial for disease control,
as focusing on a single species for certain pathogens could lead to
underestimations of the actual risk. Future work could incorporate
various environmental factors or wildlife interactions to provide an
even more complete representation.
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Summary

Chapter 1, Motivation, introduces the key topics addressed in this
thesis, outlining the primary research questions. This chapter de-
scribes how various factors, such as animal movement networks and
interactions between different species, contribute to the spread of in-
fectious diseases among livestock. The importance of addressing gaps
in existing data and developing models to predict disease spread is
emphasized, introducing the analyses that follow.

In Chapter 2, Compartmental Models, we then provide some theo-
retical background about compartmental models. These models cat-
egorize populations into compartments based on disease status, such
as susceptible, infected, recovered, and deceased. Exploring the dy-
namics within and between these compartments can help gain insights
into how diseases spread and survive in populations.

In Chapter 3, we explore Agent-Based Models (ABMs), which sim-
ulate the actions and interactions of individual agents within a pop-
ulation. These models are particularly valuable for capturing the
heterogeneity of populations and the complex behaviors that can in-
fluence disease transmission. By modeling individual behaviors and
their interactions, ABMs provide a more granular perspective on dis-
ease dynamics, allowing for the exploration of scenarios that may
not be captured by simpler models. However, these models are more
complex and require careful parameter tuning to function correctly.
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Their strength lies in simulating how contacts or interactions between
individuals occur, but this may not be necessary if such information
is already available.

In Chapter 4, we focus on Network-based models, which are cen-
tral to the analyses conducted in this thesis. These represent the
population as a network of nodes connected by edges that describe
interactions between them. They are especially useful for understand-
ing how diseases can spread through direct and indirect connections
within the network. This chapter discusses the integration of tempo-
ral data and real-world movement patterns to enhance the predictive
accuracy of these models, providing a critical tool for epidemiologi-
cal research. Finally, it introduces a combined approach of the three
models presented that will be used in the remainder of the thesis.

In Chapter 5, Diseases, we examine specific diseases that will be
considered in the following chapters. Understanding the unique fea-
tures of each disease is crucial for developing appropriate model and
effective strategies to mitigate their spread within and between live-
stock populations. In particular, Bubaline herpesvirus 1, a virus that
primarily affects buffalo and can cause respiratory illness and repro-
ductive issues, and Q fever, a disease that infects multiple species and
can lead to severe consequences in humans, are described.

In Chapter 6, Cattle, we turn our attention to the cattle movement
network in Italy. Utilizing data from the National Animal Identifi-
cation and Registration Database (NDB), we analyze the patterns
and implications of cattle movements, with a particular focus on the
challenges posed by missing or inaccurate data. This Chapter also ex-
plores how cattle movements to and from pastures contribute to the
spread of diseases and the complexities involved in managing these
risks.
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In Chapter 7, Buffalo, we extend our analysis to the buffalo move-
ment network. We investigate the role of buffalo farms in disease
transmission, analyzing if this smaller network can support the spread
of a pathogen. This is a novel analysis, as the Italian buffalo move-
ment network has not been deeply studied in the literature. This find-
ing is particularly relevant considering the presence of farms where
both buffalo and cattle are raised together, referred to as mixed farms
from now on. Their interactions could influence overall disease dy-
namics.

Finally, in Chapter 8, Interaction on Mixed Farms, we consider the
interactions between cattle and buffalo network through the mixed
farms. This Chapter explores how these interactions can impact dis-
ease transmission, considering factors such as shared environments,
cross-species transmission, and the potential for mixed farms to help
the diffusion of a pathogen. The findings emphasize the need for
an integrated approach to disease management that accounts for the
complexities and unique challenges posed by mixed-species farms.

The last Chapter, Conclusions, suggests future directions for re-
search, including the development of more sophisticated models to
capture the nuances of mixed-species interactions and their implica-
tions for disease spread. Additionally, it underscores the critical role
of data quality in achieving accurate and reliable results. Good data
is essential not only for model accuracy but also for the practical
implementation of disease management strategies.

5



Contents

List of Tables 8

List of Figures 9

1 Motivation 15

2 Compartmental Models 23

3 Agent Based Models 29
3.1 ABMs for disease spread . . . . . . . . . . . . . . . . . 31

4 Network-based models 33
4.1 Network models for disease spread . . . . . . . . . . . . 39
4.2 Combined Approach . . . . . . . . . . . . . . . . . . . 43

5 Diseases 45
5.1 Animal diseases . . . . . . . . . . . . . . . . . . . . . . 45

5.1.1 Bubaline herpesvirus 1 (BuHV-1) . . . . . . . . 46
5.1.2 Q Fever . . . . . . . . . . . . . . . . . . . . . . 47
5.1.3 Disease selection . . . . . . . . . . . . . . . . . 48

6



6 Cattle 49
6.1 Duplicate Movements . . . . . . . . . . . . . . . . . . . 49
6.2 Cattle Network Analysis . . . . . . . . . . . . . . . . . 55
6.3 Role of Pastures . . . . . . . . . . . . . . . . . . . . . . 62

6.3.1 Impact of Pastures . . . . . . . . . . . . . . . . 64
6.3.2 Pastures as sources of infection . . . . . . . . . 66

7 Buffalo 69
7.1 Buffalo network analysis . . . . . . . . . . . . . . . . . 72
7.2 Simulation of BuHV-1 diffusion . . . . . . . . . . . . . 79

7.2.1 SILS Model . . . . . . . . . . . . . . . . . . . . 79
7.2.2 Simulation Results . . . . . . . . . . . . . . . . 81
7.2.3 Grid Search . . . . . . . . . . . . . . . . . . . . 85

8 Interaction on Mixed Farms 91
8.1 Dataset description . . . . . . . . . . . . . . . . . . . . 94
8.2 Mixed farms in the buffalo network . . . . . . . . . . . 95
8.3 Simulations and results . . . . . . . . . . . . . . . . . . 99

Conclusions 109

Bibliography 111

7



List of Tables

6.1 Number of premises from 2017 to 2020. Cattle
network. . . . . . . . . . . . . . . . . . . . . . . . . . . 56

6.2 Number of active farms and movements by year.
Cattle network. . . . . . . . . . . . . . . . . . . . . . . 58

6.3 Parameters of simulation. Impact of pastures . . . . 64
6.4 Parameters of simulation. Pastures as source of

infection . . . . . . . . . . . . . . . . . . . . . . . . . . 67
7.1 Number of active farms and movements by year.

Buffalo network. . . . . . . . . . . . . . . . . . . . . . . 72
7.2 Number of nodes in the four biggest connected

components. 4-year aggregated buffalo network. . . . 75
8.1 Number of active farms and movements by year.

Buffalo network. . . . . . . . . . . . . . . . . . . . . . . 97
8.2 Statistics of networks by species. Yearly aggrega-

tion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
8.3 Parameters of the simulations and starting in-

fected set. . . . . . . . . . . . . . . . . . . . . . . . . 99

8



List of Figures

1.1 Example of fictitious movement to pastures. . . . 20

2.1 Example Simulation of a SIR model. 1% of in-
fected population, β = 0.5, γ = 0.1 . . . . . . . . . . . . 25

2.2 Example Simulation of a SEIR model. 1% of
infected population, β = 0.75, α = 0.075, γ = 0.1 . . . . 27

6.1 Number of animals moved from or towards pas-
tures. Weekly Aggregation, Piedmont 2020. . . . . . . 50

6.2 Cumulative sum of number of animals moved.
Comparison of movement data between ASL and NDB.
Weekly aggregation. . . . . . . . . . . . . . . . . . . . 50

6.3 Movements from, towards, and between pas-
tures. ASL Dataset. Weekly aggregation. . . . . . . . 51

6.4 Movements from, towards, and between pas-
tures. ASL and NDB Dataset. Weekly aggregation. . . 52

6.5 Magnification of movements from, towards, and
between pastures. ASL and NDB Dataset. Weekly
aggregation. . . . . . . . . . . . . . . . . . . . . . . . . 52

6.6 Movements from, towards, and between pas-
tures after correction. ASL and NDB Dataset.
Weekly aggregation. . . . . . . . . . . . . . . . . . . . 53

9



6.7 Movements from, towards, and between pas-
tures after correction. ASL and NDB Dataset.
Weekly aggregation. . . . . . . . . . . . . . . . . . . . 54

6.8 Example of the proposed correction. . . . . . . . 54

6.9 Distribution of cattle farms in Italy. . . . . . . . . 55

6.10 Degree Distribution. Cattle network, yearly aggre-
gation. . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

6.11 Average degree per month. Cattle network. Monthly
average across all active nodes for each of the four years. 59

6.12 Active nodes and edges. Cattle network, weekly
aggregation. . . . . . . . . . . . . . . . . . . . . . . . . 60

6.13 Cattle network statistics. Main plot: mean outde-
gree, indegree, and weight. Secondary plot: magnifi-
cation of outdegree and indegree. Weekly aggregation. 61

6.14 Number of animals moved per week. Cattle Net-
work. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

6.15 Results of 50 runs. Shaded tint represents the stan-
dard deviation. Impact of pastures. . . . . . . . . . . . 65

6.16 Results of 50 runs. Shaded tint represents the stan-
dard deviation. Pastures as source of infection. . . . . 67

7.1 Geographical distribution of cattle farms in Italy.
Blue dots: Farms that raise only cattle. Red squares:
mixed farms. Shapefile of Italy from GADM data un-
der a CC-BY license https://gadm.org/license.html. 70

7.2 Buffalo Farms. Geographical distribution and most
common productive class in each region. . . . . . . . . 73

10

https://gadm.org/license.html


7.3 Geographical distribution of buffalo farms in
Italy. Blue dots: Farms that raise only buffaloes.
Red squares: mixed farms. Shapefile of Italy from
GADM data under a CC-BY license https://gadm.
org/license.html. . . . . . . . . . . . . . . . . . . . 74

7.4 Degree Distribution. Buffalo network, Yearly ag-
gregation. . . . . . . . . . . . . . . . . . . . . . . . . . 76

7.5 Average degree per month. Buffalo network. Monthly
average across all active nodes for each of the four years. 77

7.6 Active nodes and edges. Buffalo network, Weekly
aggregation. . . . . . . . . . . . . . . . . . . . . . . . . 78

7.7 Buffalo network statistics - Weekly aggregation.
Main plot: mean outdegree, indegree, and weight. Sec-
ondary plot: magnification of outdegree and indegree. . 78

7.8 SILS Parameters and Compartments. . . . . . . . 81
7.9 Simulation Results. Buffalo Farms. 10% of farms

infected at week 0 . . . . . . . . . . . . . . . . . . . . . 82
7.10 Simulation Results. Mixed Farms. 10% of farms

infected at week 0 . . . . . . . . . . . . . . . . . . . . . 82
7.11 Simulation Results. Buffalo Farms. 1% of farms

infected at week 0 . . . . . . . . . . . . . . . . . . . . . 84
7.12 Simulation Results. Mixed Farms. 1% of farms in-

fected at week 0 . . . . . . . . . . . . . . . . . . . . . . 84
7.13 SILS Parameters and Compartments. . . . . . . . 85
7.14 Heatmap. Survival of the epidemic for different

values of γ and δ parameters. . . . . . . . . . . . . 86
7.15 Heatmap. Attack rate for different values of γ

and δ parameters. All the farms considered. . . . . . 87
11

https://gadm.org/license.html.
https://gadm.org/license.html.


7.16 Heatmap. Attack rate for different values of
γ and δ parameters. Left: Farms that raise only
buffaloes. Right: Mixed farms. . . . . . . . . . . . . . . 87

7.17 Heatmap. Attack rate for different values of γ

and δ parameters. Difference between Buffalo-only
farms and Mixed farms. . . . . . . . . . . . . . . . . . 88

8.1 Cattle and buffalo networks interaction. . . . . . 92

8.2 Mean outdegree of farms. Comparison between
only buffaloes and mixed farms. . . . . . . . . . . . . . 98

8.3 Mean indegree of farms. Comparison between only
buffaloes and mixed farms. . . . . . . . . . . . . . . . . 98

8.4 Number of infected farms, among 100 runs, at
the end of each simulation. Symlog scale on the
x-axis. Initial percentage of infected farms equal to
0.05%. . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

8.5 Number of infected farms, among 100 runs, at
the end of each simulation. Symlog scale on the
x-axis. Initial percentage of infected farms equal to
0.5%. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

8.6 Number of infected buffalo farms, among 100
runs, at the end of each simulation. Symlog scale
on the x-axis. Initial percentage of infected farms equal
to 0.05%. . . . . . . . . . . . . . . . . . . . . . . . . . 104

8.7 Number of infected buffalo farms, among 100
runs, at the end of each simulation. Symlog scale
on the x-axis. Initial percentage of infected farms equal
to 0.5%. . . . . . . . . . . . . . . . . . . . . . . . . . . 105

12



8.8 Average number of infected farms over 100 runs.
λ=0.5, µ=0.1. Initial percentage of infected nodes
equal to 0.5%. Nodes selected among the buffalo farms
without the mixed farms. SE = Standard Error. . . . . 106

8.9 Average number of infected farms over 100 runs.
λ=0.5, µ=0.1, Initial percentage of infected nodes equal
to 0.5%. Nodes selected among the buffalo farms with
the mixed farms. SE = Standard Error. . . . . . . . . . 107

13



14



Chapter 1

Motivation

Epidemics constitute a significant threat to public health and global
economy. The spread of diseases is influenced by numerous factors
playing different roles, such as individual behavior, interactions, and
the characteristics of communities. Understanding these factors and
how they interact can help develop effective control or prevention
strategies.

A diverse range of mathematical models and approaches have been
developed to study these elements. Among these are compartmental
models, agent-based models, and network-based models [1].

Compartmental models provide a simplified but effective under-
standing of the progression of an epidemic through a population. A
population is divided into groups, called compartments, representing
different stages of an infection.

Typically, compartments include susceptible, infected, recovered,
and deceased. Individuals move between these compartments based
on defined rates of transmission, recovery, and, eventually, death.
These models are simple to build, flexible, and provide an intuitive
representation of disease spread.
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1 – Motivation

However, they can oversimplify the problem and disregard the com-
plexities of real-world epidemics. Specifically, they focus on trends at
the population level without accounting for individual behavior or
spatial heterogeneity.

Agent-based models offer a more complex approach at the indi-
vidual level. Instead of dividing the population into compartments,
they represent individuals as autonomous agents, each with specific
attributes (e.g., age, health conditions) or behaviors (e.g., interaction
with others). These agents follow rules based on their characteristics.
The collective behavior and the epidemic dynamics arise from the
interactions of these individuals, each following their own rules.

Unlike compartmental models, this approach allows for the rep-
resentation of individual differences and some geographical factors.
However, they are far more complex and require a large amount of
data in order to calibrate and validate the model.

Network-based models are a powerful approach to studying the
spread of infectious diseases by considering both the social and phys-
ical connections between individuals or groups. In this model, the
population is represented as a network where individuals (or groups)
are the nodes, and the edges represent the connections through which
the disease can be transmitted. Transmission rules are defined based
on factors such as the individual properties associated with different
nodes or edge strength. In this way, an accurate representation of the
social structure is available that allows, among other things, to iden-
tify key individuals or groups that play a critical role in the diffusion
of a pathogen.

It is also possible to evaluate the potential effectiveness of targeted
control measures focusing on specific network structures, such as the
isolation or vaccination of key nodes or the implementation of restric-
tion of movements.

16



1 – Motivation

They require data on connections and some individual properties
in order to provide a good model of the real world.

The choice between these models depends on the specific research
question and available data. Compartmental models can be good
for an initial analysis or as a way of simulating a possible trend of
pathogen diffusion. Agent-based models can offer a better represen-
tation of the real world but require more data and computational
resources. Also, the individual behavior could be too specific and
require strong assumptions.

Network-based models provide a valuable middle ground, captur-
ing intrinsic social structure and offering valuable information for tar-
geted interventions while requiring less computational effort. These
models become even more attractive when considering the spread of
diseases not between humans but between animals. The advantage
of compartmental or agent-based models, indeed, is that they can
simulate contacts between humans without actual movement data.

Animal movement data for various species have become increas-
ingly available in recent years. The use of this data allows researchers
to rely on simulations only for the intrinsic stochastic element of the
epidemics. It is then possible to obtain accurate models while also
being computationally efficient.

Thus, there is no need to simulate movements through compart-
ments or agents since the actual movements can be used to construct
the relationships and contacts between animals or farms. Therefore,
in a network approach, animal movement can be used to create edges
between animals or farms. This helps to recreate the real contact
and movement structure, allowing us to search for particular elements
like key nodes. Finding contact patterns can help to reconstruct the
pathways that a pathogen took and better understand the potential
existing risks in a susceptible population [2, 3].
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1 – Motivation

Furthermore, compartmental models, agent-based models, and
network-based models can be combined to overcome their respective
limitations, resulting in computationally efficient models that can ac-
curately predict the spread of a pathogen [4, 5].

It is also true that these data are not always easy to obtain for every
species or every moment of time, especially for rare or non-domestic
species.

Given that the movements of livestock are influential in the dif-
fusion of infectious diseases, the European Union requires these to
be registered and entered into a national veterinary database, follow-
ing regulation (EU) 2016/429, which mandates the identification and
registration of animal movements to ensure traceability and facilitate
prevention.

In Italy, these data are collected by the Italian National Animal
Identification and Registration Database (NDB) of the Ministry of
Health. Movements of cattle, buffalo, horses, pigs, and sheep are
available, with different granularity levels.

Among these species, cattle represent an important production re-
ality in the peninsula, and their veterinary role and the related move-
ment network have been studied in depth [6, 7].

Nevertheless, Italy presents specific characteristics that could influ-
ence the spread of epidemics among cattle and are often overlooked.

One of them is the movements to pastures. They usually take place
in two periods. At the beginning of the summer, the herds go up to
the mountain pastures, where there is fresher grass, which contributes
to the production of higher quality milk. At the end of the season,
herds descend to the valley.
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1 – Motivation

The key feature of pastures is that they are shared by different
farms and have no structural divisions with the outside environment,
thus allowing contact with wild animals.

The proximity between animals from different herds and the use
of common pastures can favor the spread of infectious diseases. Also,
grazing cattle can be exposed to parasites, such as ticks, that again
can work as vectors.

Additionally, infected animals arriving from farms with different
pathogens can introduce new diseases to the local population, po-
tentially leading to outbreaks. This thesis will analyze this issue,
answering what is the impact of cattle movements to pastures
in the diffusion of pathogens?

As briefly mentioned before, the animals are moved at the begin-
ning of the summer period to a pasture and then returned to their
herd at the end of the season. However, data on pasture movement
is often lacking or unreliable, hindering the construction of accurate
models and risk assessment of epidemics. In particular, animals may
be moved from one pasture to another without passing through any
farm. This type of movement is absent from the Italian National
Database, where movements between pastures are registered as two
fictitious movements. First, from the pasture of origin to the herd
where the cattle belong, then from this herd to the arrival pasture,
as can be seen in figure 1.1.

This hampers both network analysis, as the actual number of move-
ments is increased, and contact tracing, complicating any control ac-
tions. This thesis will analyze this issue to understand the impact
of the identified procedural shortcomings and propose potential cor-
rections to the institutions. We will try to answer how could we
improve the available data to study this phenomenon?
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1 – Motivation

Figure 1.1. Example of fictitious movement to pastures.

Another interesting feature of Italian farms is that there are more
or less 2500 farms in Italy that raise buffaloes, and more than two-
thirds of them also raise bovines.

There is a sharing of space between these two species, and this
proximity can once again favor the spread of infectious diseases or
exposure to common parasites.

Moreover, the buffalo movement network in Italy is not only over-
looked when analyzing the cattle movement network but it has also
never been studied in the literature.

Given this lack of research on the role of buffalo in Italy, we will first
consider the buffalo movement network to analyze its properties and
see if this network could support the spread of a pathogen.

Following, we will see if disregarding this cattle-buffalo inter-
action network in spreading models could lead to an under-
estimation of the epidemic risk. Indeed, buffaloes can serve as a
reservoir for bovine pathogens, and their interaction with cattle can
facilitate disease transmission.

20



1 – Motivation

The use of mathematical and computational models is an approach
for studying epidemics in the veterinary field, yielding satisfactory
results. In particular, network-based models are an efficient method
when data are available.

However, when these data are not considered or are missing, im-
portant errors can be made in the study of the spread of a pathogen.
In this thesis, we try to understand the extent of this error and what
can be done to improve these analyses.
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Chapter 2

Compartmental Models

Compartmental models examine population dynamics by splitting the
population of interest into categories called compartments. These
compartments describe different states or characteristics of the indi-
viduals. Each compartment is homogeneous, so everyone within it
has similar characteristics. This seemingly simple approach is able to
capture even complex behaviors, which is why it is widely used. A
more comprehensive treatment, both from a theoretical and applied
perspective, can be found in other sources [8, 9, 10, 11].

The fundamental concept relies on the interaction between these
compartments. The model defines how individuals transition between
compartments based on their interactions with others or the environ-
ment.

This structure can be adapted to study disease dynamics. An ex-
ample of this can be derived from the work presented in 1927 by
Kermack and McKendrick [12]. Consider a disease that makes the in-
dividual immune after infection and compartmentalize people based
on their relation with the disease into susceptible (S), infected (I),
and recovered/removed (R) categories. From these labels also comes
the name of this model, the SIR model.
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2 – Compartmental Models

In detail:

• Susceptible (S): healthy individuals that can contract the disease.

• Infected (I): individuals who have the disease and can transmit
it to others.

• Recovered (R): individuals who have recovered from the disease
and are then immune. In some versions of this model, the re-
covered compartment also considers the individuals killed by the
disease.

The model assumes:

• A closed population with no births, deaths from causes different
from the disease, or migration.

• Fixed infection rate at which infected individuals come into con-
tact with susceptible individuals and infect them.

• Fixed recovery rate at which individuals recover and become im-
mune.

• No incubation period.

• Individuals are infectious for the whole length of the disease.

• Homogeneous population with spatial or social structure.
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2 – Compartmental Models

Starting from some initial conditions, the transition between the
groups, and so the evolution of the disease, are described by a partial
differential equation model:

dS

dt
= −βSI

dI

dt
= βSI − γI

dR

dt
= γI

where S is the number of susceptible people, I is the number of in-
fected people, and R is the number of recovered people at a given
time. Moreover, t is the time, β represents the infection rate, and γ

is the recovery rate.
A typical evolution of the three compartments can be observed in

figure 2.1.

Figure 2.1. Example Simulation of a SIR model. 1% of infected
population, β = 0.5, γ = 0.1
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2 – Compartmental Models

Some statistics can be extracted from this model. A key quantity
is R0 also called epidemiological threshold,

R0 = βS

γ

this quantity expresses the expected number of individuals infected
by a single infectious individual if the entire population is susceptible.

This model can be readily adapted to diverse scenarios. By mod-
ifying the underlying partial differential equations and introducing
new compartments, we can capture the dynamics of a wide range of
systems.

Suppose, for example, that it interests us to divide individuals who
develop immunity to the disease and those who are deceased into two
different categories. We need to add a deceased (D) compartment
and change the equation of the partial differential equation model
accordingly. Keeping the same notation used for the SIR model and
adding N as the total population, we obtain:

dS

dt
= −βSI

N
dI

dt
= βSI

N
− γI − µI

dR

dt
= γI

dD

dt
= µI

where t is the time, β represents the infection rate, γ is the recovery
rate, and µ is the mortality rate.
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2 – Compartmental Models

Additionally, we could study diseases that do not give long-lasting
immunity. Thus, infected individuals may return being susceptible.
We will then have only the infected (I) and susceptible (S) compart-
ments, the SIS model.

Keeping the same notation used for the SIRD model and adding N

as the total population, the model is defined by the following partial
differential equation model:

dS

dt
= −βSI

N
+ γI

dI

dt
= βSI

N
− γI

where t is the time, and γ is the recovery rate.
Many pathogens have an incubation or latency period. So, there

are individuals that have been infected by the disease but are not
infectious yet. These individuals will form the exposed (E) com-
partment. This setting is studied using the SEIR model. A typical
evolution of these four compartments can be observed in figure 2.2.

Figure 2.2. Example Simulation of a SEIR model. 1% of infected popula-
tion, β = 0.75, α = 0.075, γ = 0.1
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Suppose that the latency period is a random variable with expo-
nential distribution with parameter α, then we can define this model
with the following equations:

dS

dt
= −βSI

N
dE

dt
= βSI

N
− αE

dI

dt
= αE − γI

dR

dt
= γI

Other models can be implemented in a similar manner, adding or
modifying the various compartments according to specific needs.
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Chapter 3

Agent Based Models

Agent-based modeling (ABM) is a technique used to formalize mod-
els inspired by the real world where multiple individuals interact with
each other or with the environment. Indeed, ABM focuses on individ-
ual behaviors and the resulting collective impact on the system [13].
A more detailed and in-depth discussion of the topic can be found in
other resources [14, 15, 16, 17, 18, 19].

The key feature of this approach lies in defining individuals, called
agents. Whereas for some models, such as equation-based modeling,
the elements of the system are represented through average properties
of representative groups or individuals; in this case, for each agent,
the relationship it will have with other agents and with the overall
system is explicitly defined [13].

This allows for great flexibility of the model [20]. As agent defi-
nitions are individual-based, any degree of heterogeneity can be in-
corporated. Heterogeneity can also be generated through the model’s
rule-based structure. Indeed, the framework can accommodate di-
verse rule sets from various disciplines (e.g., integrating medical and
economic factors influencing individual agents).
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Consequently, this model proves valuable for studying the evolution
of diverse phenomena. Its underlying rules and interactions are re-
peatedly applied over time. It will then converge to one or more equi-
librium states, if they exist, without requiring a definition of those.

Agent-based modeling provides the additional advantage of recon-
structing the path to equilibrium while quantifying each agent’s con-
tribution to the system. This capability extends beyond equilibrium
analysis, enabling the exploration of how global phenomena emerge
from agent interactions and, conversely, how these phenomena influ-
ence individual conditions.

Agent definitions can also incorporate geographical elements and
their relation with the environment to model local interactions, ade-
quately representing any possible spatial relationship.

In short, agent-based modeling is particularly useful for studying
how a global situation depends on the individual behavior of the
agents. ABMs are built from the "bottom-up", defining the agents
and their attributes. The agents interact with each other and the
environment, causing an impact on the overall behavior of the system.
These models are used in a variety of fields, including social sciences,
economics, and ecology.

While incorporating complex rules or a large number of agents ex-
pands the range of phenomena that can be studied, it also presents
significant challenges. Mathematical analysis becomes substantially
more difficult, and even simulations demand considerable computa-
tional resources.

Additionally, rules could be dependent on some parameters (e.g.,
reproductive rate in a population) that are challenging to estimate
and not easily available in the literature.
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Inaccurately representing individuals can introduce substantial er-
rors when modeling real-world phenomena that depend on specific
individual characteristics or interactions not observed and, therefore,
not captured by the model.

3.1 ABMs for disease spread

By simulating the behavior of individual animals as agents, ABM can
capture the complexities of animal populations, their interactions,
and environmental factors that influence disease transmission [21].

Animal agents can possess a variety of attributes, including species,
sex, location, or health status. This model can capture the hetero-
geneity of animal interactions while simulating individual behaviors.
Additional aspects of animal life, such as herd dynamics or environ-
mental factors, can be included. Moreover, both spatial and tempo-
ral dynamics of disease spread can be considered, enabling the ex-
ploration of diverse disease scenarios and the evaluation of possible
control strategies.

Despite its power and flexibility, ABM presents some challenges.
Disease transmission is influenced by factors such as contact between
susceptible and infected animals, proximity, contact duration, and
animal movement patterns like grazing or migration. To obtain useful
simulations of real-world phenomena, all the above elements must be
accurately integrated.

Precise data on animal populations, behaviors, and disease trans-
mission parameters are essential for building a robust model.

The problem here arises from the fact that those parameters are
often difficult to find in the literature or must be estimated. In addi-
tion, there may be some elements that are not known or not observed
and, consequently, not included in the model, which makes model
validation an important issue.
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Furthermore, complex interactions or large populations can de-
mand substantial computational resources.

As briefly discussed in the first chapter, obtaining high-quality data
is fundamental. Indeed, incomplete or biased data can compromise
model outcomes. ABMs often generate complex entities with numer-
ous variables and interactions, making calibration, validation, and
interpretation demanding.

Disease spread is inherently influenced by stochastic factors, such
as environmental conditions and individual variations. Balancing the
level of detail of the individual agent with the more general scale of
the disease outbreak is crucial. Excessive detail can result in com-
putational inefficiency, while insufficient detail may limit the model’s
ability to capture important dynamics.

Validating these models using real-world data is often made difficult
by the internal model complexity, the stochastic nature of the studied
event, and limited data availability. Despite these limitations, ABM
remains a valuable tool for understanding animal disease dynamics
and informing disease control strategies, but it may not always be the
most suitable approach.
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Chapter 4

Network-based models

Graph theory helps identify the structural properties and key nodes of
a network (e.g., centrality, connectivity, clustering) while providing a
mathematical framework to model and analyze complex networks. In
this chapter, we will introduce the notions and concepts used through-
out the remainder of the thesis. For a more comprehensive overview,
other sources can be consulted [22, 23, 24, 25].

Network-based models offer significant advantages in several fields,
including epidemic studies. Animal networks carry valuable informa-
tion about the structure of a population and the interaction dynam-
ics of individuals. In particular, livestock movement data (e.g., trade
between farms, transhumance) enables the construction of realistic
networks and the simulation of disease spread among animals.

Network Theory

A graph is a set of objects linked together. The objects are called
nodes (or vertices), connected by links called edges. A network is any
system that can be represented as a graph, but the two concepts are
closely related and often used interchangeably.
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More formally, an undirected graph G is defined by a pair of sets
(V, E). V is a (countable) set of elements, called vertices, and E is
a set of unordered pairs of vertices, called edges. We will refer to
an edge that joins the vertices i ∈ V, j ∈ V as (i, j). or (j, i). The
vertices i and j are said to be adjacent or connected [22].

A directed graph D is defined as a pair of sets, (V, E). Here, V is
a set of vertices (nodes), and E is a set of ordered pairs of vertices
representing directed edges. The key difference between directed and
undirected graphs is that in a directed graph, an edge from vertex i

to vertex j does not guarantee the existence of the reverse edge j to
i.

Graphs can be defined by the adjacency matrix A = {aij}, where

aij =


1 if (i, j) ∈ E

0 if (i, j) /∈ E

The adjacency matrix of an undirected graph is symmetrical
(xij = xji) since if (i, j) ∈ E, then also (j, i) ∈ E. For directed
graphs, instead, the matrix A is not necessarily symmetrical.

In real-world networks, connections often vary in strength or fre-
quency. To describe this, we can assign a weight to each edge. This
weight represents the intensity of the connection between two nodes.
The adjacency matrix can then be adapted to this definition:

aij =


wij if (i, j) ∈ E

0 if (i, j) /∈ E

where wij is the weight assigned to the edge (i, j).
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4 – Network-based models

A path between two vertices i and j is a sequence of edges and
vertices that begins at vertex i and terminates at vertex j. The path
length refers to the number of edges included in this path.

The distance lij between vertices i and j is the length of the shortest
possible path connecting them. There may be more than one shortest
path between two nodes in a graph. If no path exists between them,
the distance is conventionally set to infinity.

Average path length is a metric in network analysis that represents
the average number of links needed to traverse all the possible pairs
of nodes, following the shortest possible path.

It is a measure of the so-called small world property, where connec-
tions between any two nodes are often far shorter than the network’s
size. A lower average path length indicates a more efficient network
with rapid dissemination, while a higher value suggests a slower and
less connected structure on average.

Another statistic, called diameter, can be computed to express the
size of a graph. Let lij be the distance between node i and node j,
then the diameter of a graph G is defined as the maximum value of
lij for any pair of distinct nodes i and j in the graph G.

dG = max
i,j

lij

The degree ki of a vertex i is defined as the number of edges that
are connected to that vertex in an undirected network. Given the
definition of adjacency matrix, we have:

ki =
∑
j

xji =
∑
j

xij
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In a directed network, we define the in-degree (kin,i) as the number
of edges arriving in a vertex, and the out-degree (kout,i) as the number
of edges coming from a vertex. Usually, the degree of a vertex in a
directed network is the sum of the in-degree and of the out-degree,
ki = kin,i + kout,i.

kin,i =
∑
j

xji kout,i =
∑
j

xij

The degree distribution P (k) is the fraction of nodes within a net-
work with degree k. Thus, if we have n nodes in a network and nk of
them have degree k,

P (k) = nk

n

Both the in-degree and out-degree distribution can be computed.
These distributions can be classified as either homogeneous or hetero-
geneous. Homogeneous networks have a similar degree value for the
majority of nodes, while heterogeneous networks display a wide range
of degree values. A particular type of heterogeneous network is the
scale-free network, where the degree distribution follows a power law.
This means that the quantity P (k) is a power of k, more precisely

P (k) ∼ k−α

with α called scale parameter. Scale-free networks are characterized
by the presence of a few highly connected nodes, known as "hubs,"
which possess significantly more connections compared to the average
node in the network.

In graph theory, the importance of a vertex is called centrality.
The degree of a node is one possible measure of centrality, along
with others like closeness centrality, betweenness centrality, and the
clustering coefficient.
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Closeness centrality measures how easily a vertex can reach other
vertices in the network. It is calculated as the average of the shortest
path lengths from the vertex to all other nodes in the graph.

gi = 1∑
j /=i lij

The betweenness centrality of a vertex is calculated as the number
of shortest paths between all pairs of other vertices in the graph that
pass through that particular vertex. This centrality measure reflects
the importance of a node as a bridge between different parts of the
network. If σhj is the number of shortest paths from h to j and σhj(i)
is the number of shortest paths from h to j that pass through i, the
betweenness centrality is defined as

bi =
∑

h/=j /=i

σhj(i)
σhj

Clustering refers to the tendency to form interconnected nodes.
This means that if vertex i is connected to vertex j and vertex j is
connected to vertex h, there’s a higher chance vertex i will also be
connected to vertex h. This phenomenon is often referred to as triadic
closure and is a fundamental property of social networks.

The clustering coefficient measures the connectedness of a local
neighborhood. The clustering coefficient of a vertex i is denoted as
C(i) and, if the degree of i is ki and ei is the number of links in the
neighborhood, is defined as

C(i) = ei

ki(ki − 1)/2
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where ei can be computed using the adjacency matrix A:

ei = 1
2

∑
jh

aijajhahi

An important network statistic related to the weight of edges is the
strength si of a vertex. It is defined as

si =
∑

j∈V (i)
wij

where V (i) is the set of neighbours of i.
The number of edges L in a graph with N vertex is between N − 1

and
(

N
2

)
. The graph can be sparse if the number of edges is consider-

ably less than the maximum number of edges, or dense if the number
of edges is close to the maximum number of edges. Density is defined
as

D = L
N(N−1)

2

If D ≪ 1, then a graph is sparse.
When studying a network, an important element is the possibility

of going from one vertex to another. If every vertex is reachable
from any other vertex, then the network is said to be connected. A
network can then be divided into different connected components. In
particular, the size of the largest possible connected component called
the giant connected component (GCC), is relevant.

If the network is directed, different definitions are needed. A di-
rected network can be decomposed into a giant weakly connected com-
ponent (GWCC), which is the giant component of the corresponding
undirected graph, and other smaller components.
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The GWCC can be decomposed again into a giant strongly con-
nected component (GSCC) in which for every pair of nodes, there is
a directed path linking them, the giant in-component (G-IN), group-
ing the nodes from which is possible to reach the GSCC following a
directed path, and the giant out-component (G-OUT), grouping the
nodes that can be reached from the GSCC following a directed path.

4.1 Network models for disease spread

Traditional epidemic models often assume random and homogeneous
mixing throughout a population. This does not reflect reality, where
people have specific contact patterns or different numbers of con-
nections. Network epidemic models address this by incorporating
heterogeneous social structures into the equation.

The spread of pathogens is heavily influenced by how individuals
interact. The number, duration, and characteristics of these interac-
tions, along with spatial heterogeneity, play a key role in how eas-
ily a pathogen can be transmitted. Therefore, network analysis is a
valuable tool for understanding disease transmission. It allows us to
describe contact networks, analyze their properties, and ultimately
simulate how a disease might spread [1].

In network analysis, a vertex represents an individual unit depend-
ing on the scale of the study. This could be an individual human,
animal, school, farm, or others.

Edges represent connections between these units that can poten-
tially lead to disease transmission. These connections can be direct
contact, for example, between humans, or indirect effect, like spatial
proximity between farms.
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For example, animal movement networks can be depicted as di-
rected networks. In these networks, connections represent the move-
ments of animals between locations (e.g., farms) and so have a specific
direction. This means the adjacency matrix for animal movement
networks will not be symmetric.

This network can be used to simulate the diffusion of a disease.
Links between farms represent the potential for infection due to the
movement of infectious animals. By introducing an initial number
of infected animals or farms, we can analyze how the disease spreads
through the network and evaluate the effectiveness of potential control
strategies like vaccination (if applicable) or surveillance of farms.

While the described approach of static network analysis is powerful
for simulating disease spread, it has limitations. It might not fully
capture the dynamics of situations that change over time, such as
variations or seasonality in animal movement patterns. To overcome
this issue, dynamic networks are introduced [26].

Dynamic networks are constantly changing. Unlike static networks,
the links between nodes are not fixed but can be formed, broken, or
modified over time. For example, in a social network, friendships may
be established and later dissolved.

Extending the previous notation, a dynamic graph G can be defined
by a triplet (V, E, F ), where V and E are vertex and edge sets as
before. F is a function that goes from E to a set of pairs of natural
numbers and indicates the times in which a certain edge is active.
For example, F (a, b) = (1,1), (3,5) indicates that the edge (a, b) exists
when t = 1 and from t = 3 to t = 5.

The definition of connectivity and paths needs to be redefined.
A time-respecting path [27] is a sequence of connections that link a
starting point to an ending point.
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The key aspect is that each connection in the sequence occurs after
the one preceding it in time. A time-respecting path can, for example,
spread a disease from the starting to the ending point, while a non
time-respecting path cannot.

Some statistics described at the beginning of this chapter, like the
degree of a node, can be adapted to the dynamic network by consid-
ering each temporal snapshot of the network as a static one. Others,
such as closeness or betweenness, require some additional assumption
about what is considered as shortest path [28, 29].

The temporal aspect of disease outbreaks, particularly factors like
latency periods and infectious windows, is critical for understanding
how they spread. Latency represents periods where individuals are
infected by a pathogen but not infectious yet. Understanding the
duration of this hidden window is essential and can help to implement
effective interventions, such as isolation measures.

Furthermore, some diseases have a limited window of infectivity.
This time frame, influenced by internal factors like immunity or ex-
ternal ones like treatment, determines how long an infected agent can
transmit the disease to others. The length of this window denotes the
pace of an outbreak and can help with quarantine periods.

By incorporating these temporal aspects, it is possible to create
more accurate models to predict the development of an outbreak,
allowing for targeted interventions to reduce disease spread.

As briefly introduced in the first chapter, when using animal move-
ment data, it is not necessary to simulate contacts between different
individuals or agents. Since the movement data already capture the
spatial and temporal dynamics of animals, it is sufficient to analyze
these patterns without explicitly modeling individual interactions.
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However, it is true that compartmental models and agent-based
models offer some interesting properties for modeling disease spread
or population dynamics, which could be explored further.

In the previous chapters, we briefly introduced SIR, Agent-based
and network-based models. All of them are powerful tools to simulate
complex systems such as disease spread, even if they present some
problems. In this work, we will employ a network-based model that
seeks to exploit the advantages of both compartmental and agent-
based models while mitigating their respective limitations.

The network-based model effectively captures the underlying so-
cial structure formed by animal movements. By analyzing the con-
nections between farms, we can gain valuable insights into potential
animal contacts and the elements that influence disease transmission
patterns.

Compartmental models offer a foundational framework by classi-
fying individuals into susceptible, infected, and recovered (or other)
categories, facilitating the tracking of disease progression.

ABMs enhance this approach by introducing individual agents with
unique attributes and behaviors, enabling more detailed modeling of
interactions. This flexibility allows for the simulation of diverse ani-
mal populations or farm types by incorporating specific characteris-
tics into the agents.

By combining these three approaches, we can leverage both the
information provided by movement data and the flexibility of agent-
based models while preserving geographical and temporal informa-
tion. This eliminates the need to simulate movement and allows us
to characterize different farms and track disease progression.
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4.2 Combined Approach

In this thesis, we will use this approach to simulate the spread of
pathogens. We will utilize existing animal movement data to create a
contact network between different farms. The farms themselves will
be the epidemiological units of interest rather than individual animals.
We will study the spread of a pathogen over time by categorizing the
various farms into compartments at different time points. Farms will
be considered susceptible if they contain susceptible animals, while
they will be considered infectious if they contain infectious animals.
Consequently, any movement from an infectious farm to a suscep-
tible farm could result in a new infection. The edges between the
different nodes, therefore, represent a "contact" with respect to the
pathogen. Our farms can thus be viewed as agents following specific
rules with predetermined contacts. This approach allows us to adjust
the infection or recovery parameters for different agents, thereby ad-
dressing various modeling and simulation needs without bearing the
computational burden of simulating individual contacts.

We can, therefore, trace the evolution of the pathogen using com-
partmental models, customize the parameters, and simulate infections
through agents while simultaneously utilizing the structure provided
by the movement network.
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Chapter 5

Diseases

A disease is a condition that disrupts the normal functioning of an or-
ganism, often causing specific signs and symptoms. Common causes
of disease are external infections by pathogens, which are microscopic
invaders like bacteria, viruses, fungi, or parasites, or internal dysfunc-
tions. The severity of a disease depends on the specific pathogen, the
immune response of the host, and other factors. Understanding both
pathogens and the diseases they cause is crucial for developing ef-
fective treatments and preventative measures. In this thesis, we will
mainly focus on animal diseases.

5.1 Animal diseases

The study of animal health has multiple implications. One key area
of impact is animal welfare, where the focus is on keeping animals free
from pain, hunger, and distress. This not only improves the ethical
treatment of animals but can also contribute to their overall health
and productivity. Healthy animals translate to a positive economic
impact for the farm. Reduced illness and mortality rates lead to
higher yields of milk, eggs, meat, or other products.
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Additionally, healthy animals require fewer treatments, lowering
overall production costs. Lastly, some diseases, called zoonoses, are
transmissible between animals and humans, posing a significant pub-
lic health risk. Studying animal health allows us to identify and mon-
itor potential zoonotic diseases, preventing outbreaks and protecting
human health.

5.1.1 Bubaline herpesvirus 1 (BuHV-1)

Bubaline herpesvirus 1 (BuHV-1) is a serious pathogen specifically af-
fecting water buffalo (Bubalus bubalis) [30]. It falls under the alpha-
herpesvirus subfamily, sharing similarities with other herpesviruses,
including those that infect humans [31]. This virus poses health and
economic concerns for water buffalo populations.

BuHV-1 mainly spreads through respiratory droplets expelled by
infected animals, including calves. This transmission can occur through
close contact or shared airspace in crowded barns [32].

A concerning aspect of BuHV-1 is its ability to enter a latent state
after the initial acute phase of the infection. During this latency
period, the virus goes dormant and becomes difficult to detect. How-
ever, the virus can be reactivated under stressful conditions for the
animal, such as sun exposure or transportation, leading to new out-
breaks within the herd [33].

While infected animals typically recover from the initial respiratory
illness, BuHV-1 remains within them in a latent state for life. Some
animals may not show any further signs of the virus, but others expe-
rience periodic reactivations. These reactivations can have significant
economic consequences. Reduced milk production, abortion [34], and
increased susceptibility to other infections are all potential outcomes
of BuHV-1 outbreaks [35].
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5.1.2 Q Fever

Q fever is an infectious disease caused by the bacterium Coxiella
burnetii [36, 37, 38]. This pathogen can infect a wide range of animals,
including mammals (also humans), birds, reptiles, and others. In
animals, the disease usually does not cause visible symptoms, but
when it manifests clinically, it can induce abortions or infertility and
so can generate a significant economic impact for affected farms [39,
40]. Infected ruminants excrete Coxiella burnetii through different
biological fluids, including milk, feces, and urine, as well as birth
or abortion products [41, 42, 43], and it can survive several weeks
in nature (e.g., in contaminated hay) and be spread by the wind.
Animals can be infected through the fluids just mentioned, by inhaling
the bacteria, or through tick bites.

It poses a significant threat to both livestock and public health [36].
Its ability to survive for extended periods in the environment facil-
itates its spread among animals, with inhalation being the primary
route of transmission to humans.

In cattle farms, the economic impact of Q fever is substantial. In-
fected animals experience a decline in milk production and can suffer
abortions [44]. These effects translate to significant financial losses for
farmers. Additionally, human Q fever outbreaks can strain healthcare
resources and lead to lost productivity due to illness.

Cattle, sheep, and goats are considered among the primary reser-
voirs for human contamination [45, 46, 36]. Aerosol is the primary
mode of human contamination; it may occur directly from fluids
of infected animals, and human-to-human transmission is extremely
rare, although there have been cases of this through blood transfu-
sions [47]. Many infected people have no symptoms, but it can cause
fever, headache, diarrhea, and vomiting.
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In some severe cases, it can result in pneumonia or hepatitis. Women
infected during pregnancy may risk miscarriage or preterm deliv-
ery [41]. A small percentage of people (≤ 5%) develop a more serious
infection known as chronic Q fever. This can lead to endocarditis and
may be fatal if not treated properly. In 2021, there was an outbreak
of 14 cases among tourists in Italy caused by an infected calf. This in-
cident highlighted the problem of animal-to-human transmission and
the challenges of diagnosing the disease [48]. Due to its zoonotic ef-
fects and economic implications for livestock [40], Q fever represents
a significant concern that impacts both public and animal health.

5.1.3 Disease selection

These diseases were chosen to address some of the concerns and re-
search questions presented in Chapter 1.

Given that the buffalo movement network has not been studied in
the literature, we ask whether this network can support the spread
of a pathogen. To answer this question, it is appropriate to use a
pathogen that primarily infects only buffaloes, has documented cases
of infection, and is sufficiently infectious to observe its spread. The
bubaline herpesvirus 1 (BuHV-1) meets these criteria and will there-
fore be considered in section 7.2 to analyze this research question.

After this, another concern is raised regarding the cattle-buffalo
interaction in farms that raise both species. Since we want to deter-
mine if omitting this interaction in spreading models could lead to an
underestimation of the epidemic risk, we need to consider a pathogen
that infects both species and has an impact on the livestock. Given
also the presence of documented outbreaks, Q fever meets our re-
quirements and will therefore be modeled in section 8.3 to address
our research question.
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Chapter 6

Cattle
To study the relationship between cattle farms and the size of this
phenomenon in the Italian territory, we extracted from the National
Animal Identification and Registration Database (NDB) of the Min-
istry of Health the movements of cattle from 2017 to 2020. We gath-
ered data regarding the origin and destination of movements, their
characteristics, and the number of animals that moved.

6.1 Duplicate Movements
We briefly mentioned in Chapter 1 an issue concerning the collection
of pasture movement data within the national database (NDB). In
what follows, we will analyze this issue and introduce the solution we
proposed for these analyses. We will also conclude with a possible
modification regarding data entry that could easily resolve this prob-
lem. Considering the importance of the cattle industry in Italy and
in order to analyze the potential impact of pastures within the Italian
movement network, we decided to cross-reference the collected data
with other sources to test their accuracy.

Specifically, we considered the 2020 cattle movement data from an
Italian region, Piedmont. This region has a high presence of cattle,
a large number of pastures, and precise data collection conducted by
the ASL (local health unit who must authorize grazing movements).
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Analyzing these two datasets reveals some differences, as shown
in Figure 6.1, where the number of animals moved ’From’ or ’To’
Pasture is represented with weekly aggregation.

Figure 6.1. Number of animals moved from or towards pastures. Weekly
Aggregation, Piedmont 2020.

This difference is more evident when looking at the cumulative sum
of animals moved, shown in Figure 6.2.

Figure 6.2. Cumulative sum of number of animals moved. Comparison of
movement data between ASL and NDB. Weekly aggregation.
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The movements ’To Pasture’, for example, reach significantly dif-
ferent values by the end of the year. The movements ’From Pasture’
show a similar pattern, but the ASL data include additional move-
ments compared to the NDB data, specifically those ’Between Pas-
tures’.

Regarding this point, we can analyze the ’Between Pastures’ move-
ments, shown in Figure 6.3, along with the ’To Pasture’ and ’From Pas-
ture’ movements from the ASL dataset. From the latter, move-
ments with both the origin and destination as a ’Pasture’ node have
been removed, as these movements were already included in the ’Be-
tween Pastures’ dataset. These movements are not present in the
’To Pasture’ movements and, therefore, have not been removed.

Figure 6.3. Movements from, towards, and between pastures. ASL
Dataset. Weekly aggregation.

Looking at Figure 6.3, one can notice that the trend of ’Between Pas-
tures’ movements is not dissimilar to that observed for the NDB
dataset for ’From Pasture’ and ’To Pasture’ movements shown in
Figure 6.1.
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We examine this relationship more closely in Figure 6.4, where
the number of cattle moved ’From Pasture’ and ’To Pasture’ with
NDB data and ’Between Pastures’ with ASL data are represented.
The number of cattle moved ’Between Pastures’ appears to coincide,
particularly in weeks 30-35, with the other two curves. It is important
to emphasize again that there is no movement in the NDB dataset
that has both origin and destination as a ’Pasture’ node.

Figure 6.4. Movements from, towards, and between pastures. ASL and
NDB Dataset. Weekly aggregation.

Moreover, the number of cattle moved ’From Pasture’ or ’To Pas-
ture’ (NDB data) during the summer weeks appears to coincide, as
can be seen in Figure 6.5 (showing weeks 28 to 37).

Figure 6.5. Magnification of movements from, towards, and between
pastures. ASL and NDB Dataset. Weekly aggregation.
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From these observations, one might think that what is recorded as
a ’Between Pastures’ movement by the ASL is entered in the NDB
as a ’From Pasture’ movement to a non-pasture node (e.g., a farm),
and then from this same node, a ’To Pasture’ movement is recorded
in the same week or day. Some examples in the datasets support
this hypothesis, where we have matching ’real’ codes of arrival and
departure pastures, but in NDB, there is an additional movement
towards an intermediate node.

Finally, in Figures 6.6 and 6.7, the number of animals moved, and
the corresponding cumulative sum is represented again after sub-
tracting from the NDB movements the number of animals moved
’Between Pastures’ by ASL, to avoid double counting. The differ-
ences that were previously present have now almost completely dis-
appeared.

Figure 6.6. Movements from, towards, and between pastures after cor-
rection. ASL and NDB Dataset. Weekly aggregation.

It is, therefore, very likely that what is actually a movement be-
tween two Pastures in the ASL data appears as a ’double’ movement
in the NDB.
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Figure 6.7. Movements from, towards, and between pastures after cor-
rection. ASL and NDB Dataset. Weekly aggregation.

Therefore, we propose the following correction, an example of which
is visible in Figure 6.8:

• All pairs of movements such that the destination of one movement
is the origin of another are identified and kept if both movements
happen on the same day.

• If such movement follows the pattern PA → AL → PA, the
pair of movements is deleted and replaced by a single PA → PA

movement with the same number of animals moved.

Figure 6.8. Example of the proposed correction.

In all the analyses that follow, the corrected movement data have
been used as proposed.

54



6.2 – Cattle Network Analysis

This error could be due to an inability on the part of the farmers to
correctly enter the PA → PA movement. Therefore, a modification
of this could lead to a significant and important improvement in the
available data.

6.2 Cattle Network Analysis

As previously introduced, cattle represent a significant productive
reality both worldwide and in Italy. In Figure 6.9, we can see how
there is an almost widespread presence of farms within the Italian
territory. Indeed, all the farms that have been either the origin or
destination of a movement between 2017 and 2020 are represented.

Figure 6.9. Distribution of cattle farms in Italy.
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However, it is not only farms that give rise to animal movements
in the Italian territory. Over the four years we have considered, there
are other types of premises, and in Table 6.1, we can observe their
distribution.

Table 6.1. Number of premises from 2017 to 2020. Cattle network.

Name Number
Farms 140477
Pastures 11624
Others 1131

Given the importance of cattle in Italy and the magnitude of the
phenomenon we are studying, numerous analyses and research have
been conducted on this topic.

As justified in the introductory chapters on methodology, a network
approach allows us to examine the intrinsic characteristics of this
reality, uncovering some important elements that would not otherwise
be observable. In what follows, we will, therefore, refer to the origins
and destinations of a movement as nodes.

With a similar idea, Dutta et al, in [49], considered data from 2005
to 2009 regarding French cattle movement. They created different
networks considering different spatial granularities and temporal win-
dows. Additionally, they identified specificities related to the main
types of animals and farms.

In this thesis, a weekly aggregation of data will often be used be-
cause weekly aggregation offers a good balance between data detail
and sparsity. It maintains a level of detail sufficient to detect any vari-
ations or movement patterns that might not emerge with monthly
aggregation. It is also important to note that movement data are
manually uploaded by farmers, which could lead to unintentional hu-
man errors on the day of recording. Weekly aggregation also "corrects"
this issue.

56



6.2 – Cattle Network Analysis

Moreover, daily aggregation might be too sensitive to rapid daily
and random variations, such as weather events or local holidays.
Again, weekly aggregation helps to contain these random variations,
providing a more stable and representative view of the movements
without losing the importance of short-term dynamics, as would hap-
pen with monthly aggregation.

In summary, weekly aggregation balances the need for detail and
the ability to manage data, reducing the noise of daily fluctuations
and capturing periodic patterns that would otherwise be lost.

Natale et al., in [6], show the influence of the network structure
on the dynamics and size of a hypothetical epidemic and give useful
indications on the effects of targeted removal of nodes based on the
centrality of premises within the network of animal movements.

Bajardi et al., in [7], develop the previous idea. Through spa-
tial disease simulations, they detect spreading paths that are stable
across different initial conditions. Paths also allow the identification
of nodes, called sentinels, which have a large probability of being
infected and provide critical information on the outbreak’s origin.
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Cattle network

Table 6.2 shows the number of active cattle farms (those with at least
one movement during the reference period) and movements between
them, divided by year.

Table 6.2. Number of active farms and movements by year. Cattle network.

year active cattle farms movements between cattle farms
2017 99641 667315
2018 95657 654527
2019 93107 650713
2020 92491 642949

Figure 6.10 presents the aggregated indegree and outdegree dis-
tributions of the cattle network for each year, represented by orange
circles and green diamonds, respectively. The four plots show similar,
highly heterogeneous patterns. Indeed, we can see how we have some
farms with a high indegree while the same is not true regarding the
outdegree.

Figure 6.10. Degree Distribution. Cattle network, yearly aggregation.
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This disparity might indicate a network structure where larger
farms buy from smaller ones. This is shown also in Figure 6.11, where
the indegree and outdegree for each month, averaged on the four
years, are computed. Consistent with the previous observation, the
average indegree also remains slightly higher throughout the months.

Figure 6.11. Average degree per month. Cattle network. Monthly average
across all active nodes for each of the four years.

A high in-degree does not always correlate with a high out-degree.
While this may be true for some farms primarily engaged in the buy-
ing and selling of animals, it does not apply to farms specializing in
milk production (which often sell a large number of male cattle, re-
sulting in higher out-degree and lower in-degree) or meat production
(which tend to buy male cattle, leading to higher in-degree and lower
out-degree) [50].
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In Figure 6.12, the number of active edges and active nodes per
week are plotted.

Figure 6.12. Active nodes and edges. Cattle network, weekly aggregation.

Several oscillations occur, caused by seasonal movements typical of
the Italian scenario, such as summer grazing in pastures [6, 51, 7].
Despite the fluctuating values, the general behavior seems to be con-
stant. Additionally, we observe that the number of active edges is
similar to the number of active nodes, suggesting that while there is
a significant number of active farms per week, they do not engage in
a large volume of movements.

In Figure 6.13, this characteristic is evident. Here, we have plotted,
for each week, the mean indegree and outdegree computed among
the active nodes, along with the mean number of animals in each
movement (weight). The mean degrees are computed on nodes that
have that degree different from 0. On the main plot, we see that the
average number of animals moved is relatively low. Additionally, on
the zoomed plot, we observe how the indegree and outdegree attain
modest values, never exceeding 2. The indegree is higher than the
outdegree, suggesting that smaller farms are moving towards the same
node.

60



6.2 – Cattle Network Analysis

Figure 6.13. Cattle network statistics. Main plot: mean outdegree,
indegree, and weight. Secondary plot: magnification of outdegree and
indegree. Weekly aggregation.

That being said, the number of active farms is significantly large,
as evident in Figure 6.9, where we highlighted the geographical lo-
cation of all the active farms over the four years. These nodes also
exhibit strong connectivity. Indeed, the largest weakly connected
component, considering only movements from farm to farm each year,
encompasses 80% of the farms (and more than 95% if we also con-
sider the movements from and towards the pastures). The largest
strongly connected component, instead, is composed of almost 50%
of the nodes. This, along with the total number of movements, needs
to be taken into account when analyzing the potential implications
for the diffusion of a disease.
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6.3 Role of Pastures

As briefly introduced in Chapter 1, the Italian cattle industry has
unique characteristics that are frequently underestimated.

A significant portion of cattle is periodically moved to shared pas-
tures, where animals from different farms converge. This raises impor-
tant questions about how these common spaces influence the overall
structure and dynamics of the Italian cattle movement network.

To be more precise, movements to pastures occur twice every year:
cattle ascend to mountain pastures in early summer for fresher grass
and return to the respective farms at the end of the hot season. These
shared, open pastures, often without structural barriers, create inter-
action between animals from different farms and contact with wildlife,
increasing the risk of disease transmission. Common grazing areas
can also facilitate the spread of infectious diseases and exposure to
different parasites, like ticks, which may act as disease vectors. More-
over, animals from farms with different pathogens can introduce new
infections, potentially triggering outbreaks in the local population.

This additional risk might not be significant if it corresponded to
a less prevalent phenomenon. However, even though we observed
in Table 6.1 how the number of ’active’ pastures between 2017 and
2020 is a small part of the total (8%), Figure 6.14 shows how the
contribution of pastures to the total movements seems to be more
relevant in some months of the year.

The solid orange line represents the total number of animals moved
weekly. The dashed blue line, on the other hand, represents the total
number of animals moved weekly, excluding all movements with the
origin or destination being pastures. As can be seen, the blue line
maintains a stable trend, while the orange line, seasonally, as one
might expect given the nature of the phenomenon, reaches high values
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Figure 6.14. Number of animals moved per week. Cattle Network.

at the beginning and the end of the summer period. The movements
to pastures do not replace the normal movements but increase the
total number of animals moved and, therefore, also the risks to the
animals, keeping in mind the considerations made earlier.

For this reason, in what follows, we will try to answer what is
the impact of cattle movements to pastures in the diffusion
of pathogens?, the first research question introduced in Chapter 1.
Part of this section has been presented in poster form at EPIDEMICS
8 - 8th International Conference on Infectious Disease Dynamics1.

1G. Zoppi, L. Savini, L. Candeloro, V. Colizza, M. Giacobini, Analysis of pastures within the
Italian cattle movement network and their role in epidemiological phenomena, Poster Presentation,
EPIDEMICS 8, 8th International Conference on Infectious Disease Dynamics, 2021
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6.3.1 Impact of Pastures

To analyze the potential impact of pasture movements on the cattle
movement network, we decided to use simulations of epidemiological
phenomena, following what was described in the introductory chap-
ters on models. We considered a fictitious pathogen and chose farms
and pastures as the epidemiological units of interest, grouping these
into two compartments: susceptible nodes and infectious nodes.

The idea is indeed to see whether the presence of pastures and their
related movements have an impact on the spread of a pathogen and
not to model specific characteristics of an existing pathogen, making
the SIS model the most suitable for this purpose.

Infection rate 0.9
Healing rate 0.01
Infected nodes as t=0 [10%,1%] selected among all the nodes in the dataset
Dataset [Complete, no pastures]
Start of simulation Week 12

Table 6.3. Parameters of simulation. Impact of pastures

We set the parameters visible in Table 6.3 and used the actual
movements that occurred over the four years to simulate the possible
evolution of the fictitious pathogen. We started from week 12 to
approach the period when pasture movements are present.

The average fraction of infected nodes (calculated on the total exist-
ing nodes) obtained in 50 different runs for the respective parameters
is presented in Figure 6.15. The standard deviation of the obtained
values is also highlighted in shaded tint.

The first row shows the results obtained by infecting 1% of the
nodes at the start of the simulations. Similarly, the second row shows
the results obtained by infecting 10% of the nodes at the start of the
simulations.

64



6.3 – Role of Pastures

Figure 6.15. Results of 50 runs. Shaded tint represents the standard
deviation. Impact of pastures.

The two columns differ regarding the set of nodes considered in
the simulation. The first column (orange graphs) includes farms and
pastures in the set, while the second (blue) excludes pastures.

In all four cases presented, we can observe an increase in the frac-
tion of infected nodes over time. This is expected behavior as we have
used a high probability of infection and a low probability of recov-
ery. What we are interested in comparing is the value to which the
different curves arrive at the end of the simulations (week 196).

If we compare the first column with the second, we can see that, for
both rows, in the first case, there is a higher number of infected nodes.
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Therefore, the fraction of nodes reached by our fictitious pathogen is
greater when pastures are also included in the initial set.

This again indicates the importance of pastures within Italian move-
ments, suggesting that this is a significant and non-negligible charac-
teristic of the Italian context.

However, their impact on the spread of a pathogen could be solely
linked to the numerous movements that pass through the pastures
themselves.

6.3.2 Pastures as sources of infection

Unlike farms, pastures are almost always located in mountainous ter-
ritories without fences or other types of boundaries. These lands are
home to numerous wild species of various kinds, including mammals,
birds, insects, and others. Some of these animals may carry diseases
that can infect cattle.

Should this infection occur at the pasture, it could first spread
among all the cattle present and then be transmitted to animals from
different farms once the pasture period ends, bearing in mind that
animals from different farms may share the same pasture or adjacent
pastures.
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For this reason, we study through the simulation of a fictitious
pathogen similar to the one used previously, with parameters visible
in Table 6.4. The structure is that of an SIS on a network, with farms
and pastures as epidemiological units of study. However, the initially
infected nodes are selected only within the pastures. The available
nodes include both farms and pastures.

Infection rate 0.9
Healing rate 0.01
Infected nodes as t=0 [10%,1%] selected among the pastures
Dataset Complete
Start of simulation Week 12

Table 6.4. Parameters of simulation. Pastures as source of infection

In Figure 6.16, the results of 50 different simulations (per set of
parameters) are presented. In orange, we find the average fraction of
infected nodes, while the shaded area indicates the standard deviation
of the values achieved.

Figure 6.16. Results of 50 runs. Shaded tint represents the standard deviation.
Pastures as source of infection.

For both graphs, which differ by the initial number of infected
nodes, an increasing trend of the curve can be observed.
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This suggests that a pathogen originating from pastures can survive
and spread within farms. It should be noted again how a single
pasture can infect multiple farms through the return of animals at
the end of the grazing period.

We have thus observed how pastures play a dual fundamental role
within the Italian cattle movement network. They are indeed the ori-
gin or destination of a large percentage of animal movements at the
beginning and end of the summer period. Moreover, the presence of
various wild species in pastures could be an important source of dis-
eases for the movement network. For this reason, the role of pastures
cannot be disregarded.

These conclusions further emphasize the importance of the discus-
sion regarding duplicate movements. Having proven the central role
that movements to pastures have, correcting existing data and mak-
ing appropriate changes to the data collection system would result in
more accurate analyses.
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Chapter 7

Buffalo

Farm animals are of huge relevance in Italy, and a considerable num-
ber of articles have been published on these subjects. Nonetheless, as
we saw in the previous chapter, there could be some peculiarities in
the country that have not been thoroughly studied and could lead to
inaccuracies in the analysis of phenomena such as disease outbreaks,
transmission dynamics, or others.

The topic of pastures is certainly very important and is a distinctive
feature of the Italian landscape. However, it is not the only interesting
characteristic of livestock farming in this country.

In Italy, there are approximately 6,000 buffalo farms, and this
species represents a significant productive reality. Moreover, more
than two-thirds of buffalo farms also raise cattle. Henceforth, we will
refer to these farms as mixed farms.

Therefore, there is a presence of shared spaces between buffalo
and cattle, leading to close contact between the two different species,
potentially allowing the transmission of certain pathogens among the
animals. Additionally, these farms that house both species might
need to be considered differently within the analysis of the cattle
movement networks.
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As briefly discussed in Chapter 1, the buffalo movement network in
Italy has been consistently overlooked in analyses of the cattle move-
ment network despite the sharing of spaces described above. Addi-
tionally, even the buffalo movement network alone has never been
thoroughly studied or documented in the scientific literature.

Given this lack of research, it is essential to examine this reality
in detail to assess its role and relevance. Understanding the role of
the buffalo network in disease transmission could provide valuable
insights for future epidemiological studies and contribute to the de-
velopment of more effective control measures. Figure 7.1 illustrates
the geographical distribution of the farms exclusively housing cattle
with blue dots and the distribution of mixed farms in Italy with red
squares.

Figure 7.1. Geographical distribution of cattle farms in Italy. Blue dots:
Farms that raise only cattle. Red squares: mixed farms. Shapefile of Italy from
GADM data under a CC-BY license https://gadm.org/license.html.
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This coexistence of cattle and buffalo within the same environ-
ment raises questions about the potential impact it may have on the
transmission and survival of different pathogens between these two
species. Hence, the often overlooked movements associated with the
buffalo industry may significantly contribute to the dissemination of
pathogens.

Given these considerations, it is fundamental to understand the im-
pact resulting from the omission of the presence of buffaloes, leading
to potential inaccuracies in the evaluation of the overall situation.

To estimate the error made by disregarding the presence of buf-
falo, we will proceed in two different steps. First, we will consider
the buffalo network alone, analyzing it in section 7.1. After this, in
section 7.2, we will introduce a pathogen that affects this species and
observe whether the buffalo network supports the spread of
a pathogen, addressing one of the research questions introduced in
Chapter 1. Part of this work was presented orally at the ModAH -
Modelling in Animal Health conference in 20211.

Then, in Chapter 8, we will consider the cattle and buffalo networks
together, connected by the mixed farms. We will then observe the
spread of a pathogen on this multilayer network.

1G. Zoppi, M. Scudeler, L. Savini, L. Candeloro, L. Bertolotti, M. Giacobini, ”Italian Buffalo
Movement Network - Qualitative Analysis and Impact on Disease Diffusion”, Oral Presentation,
ModAH - Modelling in Animal Health conference, 2021
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7.1 Buffalo network analysis

Similar to the previous analyses, we extracted the data from the Ital-
ian National Animal Identification and Registration Database (NDB)
of the Ministry of Health. From this database, we extracted informa-
tion regarding the trade of buffaloes in Italy and the related charac-
teristics of the departure and arrival points of these movements. We
then further skimmed the data by restricting our analysis to a 4-year
time span, from 2017 to 2020.

Therefore, we ended up with two datasets. The first one contains
all the movements of buffaloes between 2017 and 2020, with at least
one between the origin and the destination in Italy. Actually, the
number of movements from or towards a foreign country is negligible.
For every movement we have, in addition to the origin and destination
already mentioned, the day of the movement, the animal species, and
the number of animals moved.

In Table 7.1, we can see the magnitude of the phenomenon that we
are treating. Compared to the cattle movements in Table 6.2, we can
see that the two phenomena are of very different magnitudes. The
buffalo movements are few but increasing. This makes it particularly
interesting to observe whether, at this stage, this network can support
the spread of a pathogen, both because of its small size and its current
growth.

Table 7.1. Number of active farms and movements by year. Buffalo network.

year active buffalo farms movements between buffalo farms
2017 1243 4791
2018 1242 5327
2019 1237 6372
2020 1305 8075
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The other dataset collects all the origins and destinations present
in the other dataset. In this, we have a unique (and anonymous) ID
for every unit, the facility type (e.g., farm, slaughterhouse, pasture,
resting barn, or others), and some geographical identifier (e.g., mu-
nicipality and coordinates). In Figure 7.2, we can see the productive
class of each farm plotted with different colors. We then filled each
region with the color of the most present productive class.

Figure 7.2. Buffalo Farms. Geographical distribution and most common pro-
ductive class in each region.

The majority of the farms are located in the central-southern part
of the Italian peninsula, and among those, dairy activities are pre-
dominant. The rest of Italy has a smaller number of farms, mostly
related to meat production activities.

73



7 – Buffalo

As briefly mentioned before, a widespread phenomenon among Ital-
ian companies is the sharing of available space between animals of
different species. In Figure 7.3, we tried to visualize the impact of
the above-mentioned situation to understand how widespread it ac-
tually is. To be more specific, we plotted all the farms present in our
dataset. We then cross-referenced this data with information on cat-
tle farms and highlighted in red those companies that breed both of
these species. Numerically speaking, around two-thirds of companies
handle both of them.

Figure 7.3. Geographical distribution of buffalo farms in Italy. Blue dots:
Farms that raise only buffaloes. Red squares: mixed farms. Shapefile of Italy from
GADM data under a CC-BY license https://gadm.org/license.html.

It is possible to see how the disposition of the farms is similar,
with a higher density of those in the southern region of the Italian
peninsula, therefore excluding a possible regional-restricted presence
of mixed farms.
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In order to maintain consistency in the notation with the remain-
der of the section, where the movements will be modeled within a
network, we will refer to the origins and destinations as nodes.

As briefly hinted in the previous section, we wanted to model those
movements as a network and perform a statistical analysis to look for
the characteristics and peculiarities of this reality. To perform a first
exploratory analysis, we considered the entirety of the data at our
disposal, aggregating them into a single network, not considering, in
other words, the temporal dimension of our data but keeping track
of possible repeated movements between nodes that is we allowed
multiple edges to have the same end nodes.

We discussed how the nodes were geographically distributed in a
heterogeneous way in the Italian peninsula, with the majority of them
located in the southern part. Accordingly, we sought to test whether
this geographic separation was also reflected in a possible separation
of movements. So, we divided our 4-year aggregated network into
relevant components, analyzing the sizes of the strongly and weakly
connected components.

In Table 7.2, we can see how, in both cases, there is one big com-
ponent, and the remaining nodes are organized in a high number of
really small components. The biggest strongly connected component
includes more than 500 nodes, while the second largest strongly con-
nected component is just a set of four nodes.

SCC Size WCC Size
1. 568 2853
2. 4 4
3. 3 3
4. 3 3

Table 7.2. Number of nodes in the four biggest connected components.
4-year aggregated buffalo network.
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The same reasoning applies also to the sizes of the weakly connected
components. From this, we can conclude that the network has a big
core of strongly connected nodes across the peninsula, which allows
us to rule out an impact of geographic separation on the movements
and a relevant number of small components weakly connected to the
above-cited core.

The indegree and outdegree distributions for the buffalo network
are also heterogeneous, as is visible in Figure 7.4, where we can see
plotted on a log-log scale frequency distribution of the indegree and
of the outdegree of the nodes, represented by orange circles and green
diamonds, respectively. Differently from the bovine case, we can find
some farms that have a high outdegree. This is opposite to what we
can see in Figure 6.10, but it can be pointed out that the values here
are much smaller than the ones related to the bovine network.

Figure 7.4. Degree Distribution. Buffalo network, Yearly aggregation.
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Figure 7.5, where the indegree and outdegree for each month, aver-
aged on the four years, are computed, is consistent with the previous
figure. Indeed, also the average outdegree is slightly bigger than the
average indegree for each month. Even for the buffalo, a high in-
degree does not always correlate with a high out-degree for reasons
similar to those observed in the bovine case.

Figure 7.5. Average degree per month. Buffalo network. Monthly average
across all active nodes for each of the four years.

After studying the aggregate network, we decided to consider the
temporal dimension of the movements. So, we created different tem-
poral networks according to different time aggregations and compared
their statistical results. To be more specific, we aggregated the move-
ments by day, week, and month. Similarly to the cattle network, we
tried to see which choice creates temporal networks that are neither
too sparse, so where the temporal snapshots comprehend a number of
movements that is too small nor too dense, that is, by aggregating, we
lose some potentially useful insights. Again, the weekly aggregation
was the right balance between the two.
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Thus, in Figure 7.6, we can see the number of active edges and
nodes per week. An upward trend is visible, confirming again the
increasing activity of these farms.

Figure 7.6. Active nodes and edges. Buffalo network, Weekly aggregation.

In Figure 7.7, we observe the average outdegree, indegree, and
number of animals moved (weight).

Figure 7.7. Buffalo network statistics - Weekly aggregation. Main
plot: mean outdegree, indegree, and weight. Secondary plot: magnification
of outdegree and indegree.
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In the background plot, we can see how the number of animals
moved is bigger on average than the cattle network. In the foreground,
we observe in a zoomed plot how the degrees have low and similar
values, once again an indication of a network with low activity.

These nodes are less connected compared to those in the bovine
network. Indeed, the largest weakly connected component encom-
passes more than 95% of the nodes, but the largest strongly connected
component is composed of a bit more than 25% of all the nodes.

7.2 Simulation of BuHV-1 diffusion

After analyzing the buffalo movement network in Italy, we will now
consider the research question presented in Chapter 1, namely, can
the buffalo network support the spread of a pathogen?

To address this, we introduce a pathogen that affects buffalo farms
and can lead to various symptoms, including fever, conjunctivitis,
rhinitis, respiratory difficulties, and abortions in pregnant females,
resulting in harm to the animals’ health and economic losses for the
farms. This pathogen is the Bubaline Herpesvirus type 1 (BuhV-1), a
virus belonging to the Herpesviridae family, as seen in section 5.1.1.

It is a highly infective pathogen transmitted by close contact or
aerosol. After the initial infection, it becomes latent after two weeks
on average. The infected animal can return infective if it is exposed
to stress (transportation) or exposed to the sun.

7.2.1 SILS Model

Again, our epidemiological units will be the farms. However, since the
pathogen is highly infective, we can safely suppose that if one animal
is infected, then all the animals inside the farm will be infected in a
short period of time (less than a week).
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We consider the farms as units of our model, and we divide them
into different compartments:

• Susceptible farms are farms that contain susceptible animals.

• Infected farms are farms that contain infected and infectious an-
imals.

• Latent farms are farms that contain animals with latent viruses.

A susceptible farm can be infected if:

• receives animals from an infected farm (it receives infectious an-
imals),

• receives animals from a latent farm (it receives animals with a la-
tent virus, but since the transportation is stressful for the animal,
symptoms may reappear).

Given that the animals can return to be infectious if exposed to the
sun, a latent node can become an infected node during the periods
when the animals are moved to pastures or open spaces (from May
to August).

In detail, a farm (latent or infected) can return to be susceptible
if all the animals are sold, and so the farm is “cleared”. The average
life of a male buffalo (meat production and not breeding) is one year.
The average life of a female buffalo (milk production) is 20 years.
Given that we are aggregating our movement data by week, we set
probabilities of returning susceptible to 1

60 for meat farms and 0 for
milk farms.
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A graphical explanation of the above is available in Figure 7.8,
where we also describe the different parameters used in the simula-
tions.

Figure 7.8. SILS Parameters and Compartments.

7.2.2 Simulation Results

In Figure 7.9, we can see the results of 50 different runs for each set
of parameters and 10% of farms infected at week 0. The red line
shows the number of infected farms each week, while the red shading
indicates the minimum and maximum values obtained in the runs.
The same applies to the blue line and shading for the latent farms.
The purple line represents the sum of infected and latent farms, which
is the total number of farms where the pathogen is present.

In all four graphs, it is evident that the number of farms where the
pathogen is present increases as the weeks progress. This indicates
that the herpesvirus is capable of surviving within this network.
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Figure 7.9. Simulation Results. Buffalo Farms. 10% of farms infected at week 0

Figure 7.10. Simulation Results. Mixed Farms. 10% of farms infected at week 0
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In Figure 7.10, we can observe how the pathogen spreads within
the mixed farms. We used the same parameters as in the previous
figure. Here, too, we can see that the number of farms where the
pathogen is present increases over time. The behavior we observed
across all farms can, therefore, also be seen within the mixed farms.

In Figures 7.11 and 7.12, we can see the results of 50 different runs
for each set of parameters and 1% of farms infected at week 0. The
comments are similar to those for the figures just seen but with a
different order of magnitude. The y-axis takes on different values
compared to the previous figures. Thus, even by initially infecting a
smaller number of farms, the pathogen is free to spread and is capable
of surviving within the buffalo movement network.
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Figure 7.11. Simulation Results. Buffalo Farms. 1% of farms infected at week 0

Figure 7.12. Simulation Results. Mixed Farms. 1% of farms infected at week 0

84



7.2 – Simulation of BuHV-1 diffusion

7.2.3 Grid Search

From an analysis of the different simulation results, an important
element that could impact the outcomes is the parameters used, es-
pecially those related to the reactivation of the pathogen. Therefore,
we repeated the analyses using the same model but with a lower prob-
ability of infection and conducted research regarding the reinfection
parameters. We then replaced the λ2 parameter shown in Figure 7.8
with a γ parameter to study the types of reinfection separately. All
the parameters can be found in Figure 7.13.

Figure 7.13. SILS Parameters and Compartments.

In Figure 7.14, we can see plotted in a heatmap the fraction of
runs that had at least one infected farm in the last three weeks. The
vertical axis represents the variation of the γ parameter, which corre-
sponds to reactivation due to stress from movement. The horizontal
axis represents the variation of the δ parameter, which corresponds
to reactivation due to sun exposure. The latter appears to have a
greater impact on the two reasons for reactivation.
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In fact, a shift in colors can be observed as one moves to the right.
This shift is less noticeable when moving from top to bottom.

Figure 7.14. Heatmap. Survival of the epidemic for different val-
ues of γ and δ parameters.

In Figure 7.15, we have another heatmap with the same axis as
before. In this case, the values plotted are relative to the attack rate,
a variable defined as

attack rate = number of new cases in the population at risk
size of the population at risk

In this case, as well, a greater impact seems to be due to sun
exposure compared to the stress from movement.
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7.2 – Simulation of BuHV-1 diffusion

Figure 7.15. Heatmap. Attack rate for different values of γ and δ
parameters. All the farms considered.

Regarding the attack rate, it is interesting to observe the difference
between buffalo-only farms and mixed farms. In Figure 7.16, you
can see the different values that this statistic takes. The values are
significantly higher for mixed farms.

Figure 7.16. Heatmap. Attack rate for different values of γ and δ
parameters. Left: Farms that raise only buffaloes. Right: Mixed farms.

87



7 – Buffalo

This difference is more clearly observable in Figure 7.17. The fact
that the attack rate is higher in this type of farm underscores the crit-
ical role they play. This increased rate could be attributed to greater
activity or higher exposure to pathogens, which might not only be sig-
nificant for the buffalo network but also for the cattle network. The
presence of shared spaces between the two species could facilitate the
spread of pathogens from one species to another, amplifying the im-
pact on both networks. This highlights the importance of monitoring
and managing mixed farms closely to prevent potential cross-species
transmission and to safeguard the health of both buffalo and cattle
populations. This will be analyzed more thoroughly in chapter 8.

Figure 7.17. Heatmap. Attack rate for different values of γ and δ
parameters. Difference between Buffalo-only farms and Mixed farms.

Therefore, The Italian Buffalo Movement Network constitutes a
non-negligible entity. We have shown that the network is capable
of supporting the diffusion of pathogens like BuHV-1, underlying its
importance in the context of animal health.

88
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This network should also be carefully considered when examining
the spread of diseases across other networks, such as the bovine one.
The interconnected nature of these networks should be evaluated with
attention. Looking forward, it could be interesting to study the role
of sun exposure in the reactivation of latent pathogens.

In the following, we will analyze the buffalo and cattle networks
together using a multilayer approach. This integrated analysis would
provide a more accurate and comprehensive understanding of how dis-
eases move across species and networks, leading to better prevention
and control measures.

Finally, future research should consider other bovine pathogens
that might find a reservoir in the buffalo network. Understanding the
potential for these pathogens to persist and spread within the buffalo
population could be key to preventing their transmission to cattle and
managing broader epidemic risks.

In summary, the Italian Buffalo Movement Network could be a
critical factor in the epidemiology of livestock diseases. Its influence
extends beyond buffalo populations, impacting the broader cattle net-
work and necessitating an integrated approach.
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Chapter 8

Interaction on Mixed Farms
Disregarding the buffalo network in disease analysis could lead to sig-
nificant errors in understanding and managing the spread of pathogens.
The buffalo network is linked with the cattle network, and by over-
looking the role of buffalo in the transmission dynamics, we risk
missing critical pathways through which diseases can spread. With-
out considering the buffalo network, prevention and control measures
might be less effective, potentially leaving gaps that could allow for
the resurgence or spread of infections. In this chapter, we will try
to see if disregarding this cattle-buffalo interaction network
in spreading models could lead to an underestimation of the
epidemic risk.

The content of this chapter is based on an article titled The Hidden
Role of Buffalo Trade Network in Bovine Epidemic Spreading, G.
Zoppi, L. Savini, L. Candeloro, V. Colizza, M. Giacobini, currently
submitted and under review at PLOS One journal and part of what
follows was presented at GeoVet 2023, International Conference of
Spatial Epidemiology, Geostatistics, and GIS applied to animal health,
public health, and food safety1.

1On the interaction between bovine and bubaline trade network in epidemic spreading G.
Zoppi, L. Savini, L. Candeloro, V. Colizza, M. Giacobini, "On the interaction between bovine and
bubaline trade network in epidemic spreading", Oral Presentation.
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As previously mentioned, the coexistence of cattle and buffaloes
in mixed farms establishes a potential link between the buffalo and
cattle networks, providing a pathway for the transmission of diseases
between the two. Nodes, where both species are present, can help
the spread of diseases facilitated by airborne transmission or through
vectors (e.g., ticks).

Multilayer networks are a collection of multiple layers, where each
layer represents a different type of relationship or interaction among
the same set of nodes that are connected through links (called inter-
layer links) that allow for the modeling of complex systems with mul-
tiple dimensions of interaction. In the following, we adapted this
concept to represent the unique characteristics of livestock movement
networks. Specifically, each layer considers trades of a single species
(cattle or buffalo), while the connections between layers reflect possi-
ble interactions happening on the same farm between those species.
In Figure 8.1, we depict this concept.

Figure 8.1. Cattle and buffalo networks interaction.
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To model this aspect in our disease model and enable the potential
transmission of infection between the buffalo and cattle networks, we
created links between those two through the mixed farms [52].

This coexistence of cattle and buffalo within the same environ-
ment raises questions about the potential impact it may have on the
transmission and survival of different pathogens between these two
species. Hence, the often overlooked movements associated with the
buffalo industry may significantly contribute to the dissemination of
pathogens.

Given these considerations, the primary objective of this study is
to understand the impact resulting from the omission of the presence
of buffaloes, leading to potential inaccuracies in the evaluation of the
overall situation.

In recent times, studies on the prevalence of Coxiella burnetii among
buffaloes in Italy [53, 39, 54] have found a wide distribution of this
pathogen. Thus, considering the particular situation of mixed farms
and the presence of this pathogen in both cattle and buffalo, a rele-
vant role of the latter can be assumed. Therefore, not considering the
totality of movements could lead to underestimating the prevalence
of this pathogen or to making incorrect or inefficient decisions.

As described in 5.1.2, Q fever is a disease that can infect both
species and is present in Italian territory, for which the impact of
the buffalo population has not been thoroughly studied. If their role
is confirmed through this analysis, one should contemplate incorpo-
rating the buffalo network into network models, particularly those
focused on bovine diseases in Italy. An analysis and simulation of
the spread of this pathogen could, therefore, be used to discover the
actual role of buffalo farms.
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8 – Interaction on Mixed Farms

8.1 Dataset description

To analyze the role that the buffalo population could have in the
spreading of this disease, we considered the movements related to the
trades of both cattle and buffaloes in Italy. We extracted data from
the Italian National Animal Identification and Registration Database
(NDB) of the Ministry of Health, obtaining the starting point, end-
ing point, and date of each movement. We restricted our analysis to
national movements for four years, from 2017 to 2020, the period in
which the data are more stable and solid. We also removed move-
ments to slaughterhouses because of no epidemiological interest.

For each movement, along with the date, we have information on
the type of departure and arrival points, as well as their geographic
locations. Our analysis will focus on the farms, categorized by the
species they contain. We will examine the number of movements re-
lated to each species, taking a network approach to analyze the num-
ber of movements arriving at (indegree) or starting from (outdegree)
a farm.

The following definitions will be used:

• Cattle farms: all the farms that house cattle, visible in Figure 6.9.

• Cattle network: a network that considers all the movements be-
tween different entities housing cattle (i.e., cattle farms and mixed
farms).

• Buffalo farms: all the farms that house buffaloes.

• Buffalo network: a network that considers all the movements
between different entities housing buffaloes (i.e., buffalo farms
and mixed farms).

• Mixed farms: farms that house both buffaloes and cattle.
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8.2 Mixed farms in the buffalo network

Table 8.1 displays the same data as Table 7.1 but considers the mixed
farms. Here, "active mixed farms" are those mixed farms that are
either the origin or destination for at least one movement of buffaloes
in a given period.

It can be seen how the Italian reality of this species has a different
order of magnitude than that of cattle. This adds significance to
our research question. While the size of this network might suggest
it is negligible, the seroprevalence of Q fever, as discussed in the
introduction, appears to conflict with this idea.

It is also interesting to note how the number of movements is signif-
icantly increasing despite a small rise in the number of active farms,
suggesting a growing average number of movements per farm. In
2017, movements to or from buffalo mixed farms accounted for more
than 90% of the total buffalo movements. By 2020, this percentage
had decreased to 80%.

One possible explanation for this shift is that in the past, companies
with existing cattle facilities could easily expand to include buffaloes
without a significant initial investment. As the market for buffalo milk
products, such as buffalo mozzarella, grew in Italy [55], there was a
trend toward establishing farms exclusively dedicated to buffaloes.
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8 – Interaction on Mixed Farms

In Table 8.2, we have a brief statistical analysis of the yearly aggre-
gated, directed, and with possible multiple edges between the same
nodes network [3]. The weight of the edges is the number of animals
moved in a single movement. In this Table, mixed farms (buffalo net-
work) denotes the subset of mixed farms that are either the origin
or destination for at least one movement of buffaloes in a given pe-
riod. The mean degrees are computed on nodes that have that degree
different from 0.

In Figures 8.2 and 8.3, we compare the buffalo network properties,
respectively the mean outdegree and the mean indegree, of mixed
farms to farms that raise only buffaloes.

The average indegree of the two networks is similar, while the mixed
farms have a higher average outdegree, an aspect that could, once
again, impact the diffusion of a pathogen capable of reaching these
farms.

Therefore, mixed farms are significant not only for providing a link
to the cattle network but also for potentially accelerating the spread
of a pathogen, given the considerations mentioned above.
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8 – Interaction on Mixed Farms

Figure 8.2. Mean outdegree of farms. Comparison between only
buffaloes and mixed farms.

Figure 8.3. Mean indegree of farms. Comparison between only
buffaloes and mixed farms.
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8.3 Simulations and results

We simulated the diffusion of Q fever in our aggregated network, as
seen in Figure 8.1. As depicted in Table 8.3, we considered various
probabilities of infection and recovery. Starting the simulations, we
infected a different number of farms selected from different sets. For
the latter, the percentage is relative to the total number of nodes in
the aggregated 4-year network.

Table 8.3. Parameters of the simulations and starting infected set.

Probability of infection λ ∈ {0.075, 0.1, 0.25, 0.5}
Probability of healing µ ∈ {0.01, 0.025, 0.05, 0.075, 0.1, 0.125, 0.15}
Infected farms {Buffalo farms, Buffalo farms and mixed farms}
Initial Percentage of infected farms
(selected among all farms) {0.05% (78 nodes), 0.5% (780 nodes)}

In light of the considerations in the previous sections, to assess
whether the buffalo network alone could indeed facilitate the diffusion
of a pathogen, we initiated the simulation at week 0 by infecting a
randomly selected subset of nodes, choosing from either buffalo farms
or buffalo farms and mixed farms.

The first approach avoids prematurely establishing a link with the
cattle network and prevents overestimation of the diffusion due to the
higher outdegree associated with the mixed buffalo nodes.

Therefore, we anticipate the second method to result in a higher
diffusion of Q fever in the network. Subsequently, we proceeded to
simulate the diffusion of Q fever using real movement data aggregated
by week from 2017 to 2020.
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Figure 8.4 and Figure 8.5 present 112 histograms representing dif-
ferent scenarios of random selection, infection, and healing probabil-
ities. The values described by the histograms indicate the number of
infected farms at the end of each simulation among 100 runs and are
shown using a symlog scale on the x-axis.

They show the results of the simulations with the parameters in
Table 8.3 and the initial percentage of infected farms equal to 0.05%
and 0.5%, respectively.

The top grids (blue and orange) show the results of the simulations
where the initial set of infected farms is composed of the buffalo farms
without the mixed farms. The bottom grids (green and red), instead,
show the results of the simulations where the initial set of infected
farms is composed of the buffalo farms with the mixed farms.

In the top grid (blue) in Figure 8.4, we can see how only for a low
probability of infection combined with a high probability of healing,
we do not have infected farms at the end of the simulation. In the
other cases, we see how the histograms are located on values bigger
than zero, denoting the presence, at the end of the four years, of farms
that contain the pathogen.

As expected, the number of infected farms increases when we in-
crease the probability of infection. For example, we can see how, in
the three plots in the first column of the blue grid, the histograms
shift to the right as we move down the column. The opposite is true
as we move right on a line.

In the bottom grid (green) in Figure 8.4, it is interesting to see how
starting from a set that also contains the mixed farms, those farms
that raise both buffaloes and cattle, allows the pathogen to spread
from the buffalo network to the cattle network, therefore contributing
to the spread to and among cattle farms.
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Figure 8.4. Number of infected farms, among 100 runs, at the
end of each simulation. Symlog scale on the x-axis. Initial percentage
of infected farms equal to 0.05%.
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Figure 8.5. Number of infected farms, among 100 runs, at the
end of each simulation. Symlog scale on the x-axis. Initial percentage
of infected farms equal to 0.5%.
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The general considerations are similar to the ones related to the top
grid, but here, even when starting with a small percentage of infected
farms with a low probability of infection and a high probability of
healing, there are some runs where the pathogen is able to spread
and survive into the cattle network.

In Figure 8.5, we can observe a similar behavior to the one de-
scribed just above. A higher initial number of infected farms results
in fewer simulations with no infected farms at the end and a larger
number of infected farms overall.

Figures 8.6 and 8.7 represent the same runs, but the histograms
describe the number of infected buffalo farms. The color scheme
and the considerations are similar to the ones related to Figures 8.4
and 8.5, respectively, obviously with a different order of magnitude.
But what is important to point out here is how the pathogen is also
able to survive in a smaller network like the buffalo one.

As anticipated, when the infections start from both the buffalo
farms and the mixed farms, the infection exhibits an easier diffusion
into the cattle network. Nevertheless, the disease can still spread
into the cattle network even with a small number of initially infected
farms selected from the buffalo farms without the mixed farms. Fur-
thermore, even with low infection probabilities, the pathogen, albeit
less frequently, spreads into the cattle network, highlighting again a
potential risk for this species.
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Figure 8.6. Number of infected buffalo farms, among 100 runs, at
the end of each simulation. Symlog scale on the x-axis. Initial percentage
of infected farms equal to 0.05%.
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Figure 8.7. Number of infected buffalo farms, among 100 runs,
at the end of each simulation. Symlog scale on the x-axis. Initial
percentage of infected farms equal to 0.5%.
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Figure 8.8 presents the average number of infected farms over 100
runs with parameters λ=0.5, µ=0.1 and starting by infecting 0.5%
of all the nodes selected among the buffalo farms without the mixed
farms (last row and fifth column in the orange histogram panel).
Indeed, the blue line represents the number of infected farms. So, at
time 0, it will be composed of only buffalo farms. The total number of
infected farms decreases at the beginning and then, around time 30,
increases again. This is because as time goes on, while the number of
infected buffalo farms decreases, an increasing number of cattle farms
are infected, as we can see from the increasing behavior of the red line.
Thus, we can observe that the disease enters the cattle network and,
from that point onward, it is able to spread.

Figure 8.8. Average number of infected farms over 100 runs. λ=0.5,
µ=0.1. Initial percentage of infected nodes equal to 0.5%. Nodes selected among
the buffalo farms without the mixed farms. SE = Standard Error.
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8.3 – Simulations and results

Figure 8.9 presents the average number of infected farms over 100
runs with the same parameters, but the nodes are selected among the
buffalo farms with the mixed farms (last row and fifth column in the
red histogram panel). Therefore, at time 0, the blue line represents
both buffalo and mixed farms. Unlike Figure 8.8, the blue line does
not initially decline. Instead, there is an immediate increase in the
number of infected cattle farms due to the presence of the pathogen
in mixed farms, facilitating its spread within the cattle network.

Figure 8.9. Average number of infected farms over 100 runs. λ=0.5,
µ=0.1, Initial percentage of infected nodes equal to 0.5%. Nodes selected among
the buffalo farms with the mixed farms. SE = Standard Error.

To summarize, we have observed the capability of Q fever to spread
within the cattle network, even when initiated from a small and poorly
connected subset of farms that raise only buffaloes, so without infect-
ing any cattle or mixed farms at the beginning. This holds even
under a low probability of infection and a high probability of healing.
It is also interesting to add how the pathogen survives in the buffalo
network.
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8 – Interaction on Mixed Farms

Despite the substantial difference in the network sizes, the peculiar-
ity of buffalo farms in Italy renders the buffalo network non-negligible
when analyzing the reality of Italian bovines. Indeed, we have seen
how a pathogen can spread from the Buffalo network to the bovine
one. Excluding the buffalo network would, therefore, lead to a major
loss of information and a consequent error in the analysis of the cattle
network alone.

Not only this, but also the fact that the pathogen can survive, as
seen in most simulations in the buffalo network, suggests that it is
fundamental to consider both networks when trying to deal with Q
fever.

While the buffalo network in Italy is considerably smaller than the
bovine network, the close proximity of buffalo and cattle increases
the risk of pathogen transmission. Farms that contain both species
effectively connect the two networks, facilitating the spread of the
disease.
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Conclusions

This thesis explored the complexities surrounding disease transmis-
sion in livestock populations, particularly emphasizing how crucial
data quality is for accurate modeling. By applying advanced network-
based modeling techniques, the research has underscored the impor-
tance of having reliable data to understand and predict how diseases
spread among animals.

A significant contribution of this work lies in the novel analysis
of the Italian buffalo movement network, which, to date, has not
been studied in the literature. Indeed, buffaloes represent an im-
portant reality in Italy, yet their movement patterns have largely
been overlooked in epidemiological studies. This thesis has revealed
that this network can support the spread of a pathogen and, for this
reason, should not be neglected. Furthermore, another significant
insight from this study is the role that pastures and mixed farms
play in the spread of diseases within the Italian livestock network.
These elements have a substantial impact on disease transmission
and should be included in epidemiological models. By tackling the
issues caused by incomplete, inaccurate, or disregarded movement
data, this research has provided a clearer picture of the epidemiolog-
ical risks linked to livestock movements.

The study has demonstrated that enhancing the quality of input
data leads to more dependable predictions about disease transmission.
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8 – Interaction on Mixed Farms

This is particularly important for developing effective disease control
strategies, suggesting that interventions based on high-quality data
are more likely to succeed in preventing and managing the spread of
diseases among livestock.

Moreover, this study has emphasized the need for better data col-
lection practices, particularly in under-researched areas like buffalo
farming, and the integration of multiple data sources in veterinary
epidemiology. The research suggests that a comprehensive approach,
one that considers both biological and social factors influencing dis-
ease transmission, is essential for creating effective control measures.

Looking forward, there are several promising areas for further re-
search. Expanding the models to account for additional factors,
like environmental conditions or wildlife interactions, could provide
deeper insights into the complex forces driving disease dynamics. Ad-
ditionally, applying these models to different regions or species could
test their broader applicability and help refine the approach.

In summary, this thesis adds to the understanding of veterinary epi-
demiology by highlighting the critical role of data quality in disease
modeling and introducing novel insights into the role of the buffalo
network in disease transmission. The methods and findings presented
here not only improve our grasp of how diseases spread among live-
stock but also how better disease control and prevention strategies
could be developed. As the challenges of emerging diseases and global
livestock movements continue to grow, the insights from this research
will be relevant in protecting both animal and public health.
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