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Abstract

Modern infrastructure systems have become increasingly interconnected, and this in-
cludes those in the agricultural industry. Although this interdependence enables the eco-
nomic functioning of the interdependent system, it also brings vulnerabilities to the system
amplifying disease spreading and natural disaster consequences. With this background, this
dissertation aims to investigate behaviors of complex systems facing biosecurity challenges
from different perspectives.

First, we develop an agent-based model simulating the beef cattle production and related
transportation services in southwest Kansas, United States. We evaluate the robustness of
the interdependent system by constructing hypothetical disruptions in both the cattle indus-
try and the transportation industry. We observe that the system is robust to random failures
but vulnerable to the targeted shutdown of cattle premises or truck premises. In addition,
disruptions in the trucks serving packers have the worst impact on cattle production, as
compared to other transportation disruptions. In disaster preparations, policymakers need
to pay particular attention to one of its critical components, meat packers.

Second, we assess the impact of truck contamination and information sharing on the
foot-and-mouth disease transmission. Scenario analyses results show that including indirect
contact routes between premises via truck movements can significantly increase the amplitude
of disease spread, compared with equivalent scenarios that only consider animal movement.
We find that mitigation strategies informed by information sharing can effectively mitigate
epidemics, highlighting the benefit of promoting information sharing in the cattle industry.

Third, we examine the impact of human behavior factors on a hypothetical foot-and-
mouth disease outbreak. The simulation results indicate that heterogeneity of individuals
regarding risk attitudes significantly affects the epidemic dynamics, and human-behavior

factors need to be considered for improved epidemic forecasting. With the same initial



biosecurity status, the number of infected producer locations and cattle losses can be more
effectively reduced with an increase in the percentage of risk-averse producers selecting large
producers first compared to randomly selecting producers. In addition, the reduction in
epidemic size caused by the shifting of producers’ risk attitudes towards risk-aversion is
heavily dependent on the distribution of the initial biosecurity level.

Fourth, we study the robustness of supply chain networks against cascading failures. The
simulation results show that the system is relatively robust against load fluctuations but is
more fragile to demand shocks. For the underload-driven model without the recovery process,
we find the existence of a discontinuous phase transition. Compared to other systems studied
under overload cascading failures, this system is more robust for power-law distributions than
uniform distributions of the lower bound parameter for the studied scenarios.

Finally, it is critical to prevent the 2019 novel coronavirus disease spread, which has left
significant economic consequences to the U.S. beef industry. Several slaughterhouses were
forced to stop operations temporarily due to outbreaks identified among meat-processing
workers, causing sharp disruptions in beef production. We use network-based modeling to
examine the impact of non-pharmaceutical interventions on the coronavirus disease spread-
ing with various scenarios. Although the method is applied to simulate the early stage of
epidemic dynamics in Hubei province, China, the model developed can be easily adapted
to other regions. The simulation results show that without continued control measures, the
epidemic in Hubei Province could have become persistent. Only by continuing to decrease
the infection rate through protective measures and social distancing can the actual epidemic
trajectory that happened in Hubei Province be reconstructed in simulation.

In summary, we develop several computational models for robustness assessment and
epidemic prediction and control in this dissertation. The outcomes are expected to raise
awareness of vulnerabilities in the interconnected systems and benefit existing disaster pre-

paredness.
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forced to stop operations temporarily due to outbreaks identified among meat-processing
workers, causing sharp disruptions in beef production. We use network-based modeling to
examine the impact of non-pharmaceutical interventions on the coronavirus disease spread-
ing with various scenarios. Although the method is applied to simulate the early stage of
epidemic dynamics in Hubei province, China, the model developed can be easily adapted
to other regions. The simulation results show that without continued control measures, the
epidemic in Hubei Province could have become persistent. Only by continuing to decrease
the infection rate through protective measures and social distancing can the actual epidemic
trajectory that happened in Hubei Province be reconstructed in simulation.
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awareness of vulnerabilities in the interconnected systems and benefit existing disaster pre-

paredness.



Table of Contents

List of Figures . . . . . . . . . . e xi
List of Tables . . . . . . . . . . . e Xiii
Acknowledgements . . . . . . .. Xiv
Dedication . . . . . . . . .. XV
Preface . . . . . . e xvi
1 Introduction . . . . . . . . 1
1.1 Motivation . . . . . . . . .. 1

1.2 Background . . . . . .. 4

1.3 Research questions and contributions . . . . . . . ... ... ... ... ... 5)
1.4 Dissertation structure . . . . . . . . . ... 7

2 Robustness of interdependent cattle production and transportation systems . . . . 8
2.1 Imtroduction . . . . . . .. .. . 8

2.2 Model . . . . . e 11
2.2.1 Conceptual model of the interdependent system . . . . . . ... ... 11

2.2.2 Model design . . . . . . ... 15

2.2.3 Model implementation . . . . . ... ... ... .. ... 18

2.2.4  Experimental design . . . . .. .. oo 20

2.3 Results and discussion . . . . . . ... L 23
2.3.1 Data generation under normal conditions . . . . . . .. .. ... ... 23

viii



24

2.3.2 Evaluation of system robustness under disaster conditions . . . . . . 26

SUMMATY . . . o v v o e e e e 30

Impact of truck contamination and information sharing on animal disease spreading 32

3.1 Introduction . . . . . . . .. 32
3.2 Model . . . .. 36
3.2.1 Model description . . . . . . . ... 36
3.2.2 Scenario analysis . . . . . .. ... 41
3.2.3 Sensitivity analysis . . . . . ... o L 43
3.3 Results. . . . . o 43
3.3.1 Scenario analysis . . . . . .. ... 43
3.3.2  Sensitivity analysis . . . . . ... oo 48
3.4 Comparison with previous FMD models . . . . . . .. ... ... ... ... 50
3.5 Summary ... 51
Impact of human behavior on animal disease spreading . . . . . . ... ... ... 53
4.1 Introduction . . . . . . . .. 53
4.2 Model . . . . 56
4.2.1 Model description . . . . . .. ..o 56
4.2.2  The human decision-making process . . . . . . . . . . .. .. .. ... o7
4.2.3 Scenario analysis . . . . . . ... 60
4.3 Results and discussion . . . . . . ..o 61
4.4 Summary ... .. 66
Robustness of supply chain networks against underload cascading failures . . . . . 68
5.1 Imtroduction . . . . . . . .. 68
5.2  Underload cascading failure model . . . . . . . . .. ... ... ... ... 71
5.2.1 Load and load constraints . . . . . . . .. ... ... 71
5.2.2 Cascading failure process . . . . . . . . ... L. 73

X



5.3 Numerical simulation results . . . . . . . . . . ... 78

5.3.1 Synthetic networks . . . . . . ... L 78

5.3.2 Real-world example . . . . . .. ..o 81

5.4 Mean-field analysis . . . . . . . ..o L 81
5.5 SUmMmary . o.o.o. ..o e 85

6 Analysis of mitigation strategies against COVID spreading . . . . . . . .. .. .. 86
6.1 Introduction . . . . . . . .. 86
6.2 Model . . . . . 88
6.2.1 Generalized epidemic modeling framework . . . . . . . ... ... .. 88

6.2.2 Application to Hubei Province . . . . . . . . . ... ... ... .... 89

6.2.3 Datacollection . . . .. ... ... 91

6.3 Results. . . . . . . 92
6.4 Summary . . ... .. 94

7 Conclusion and future work . . . . . . . ... .o L 96
7.1 SUmMMAary . . . ... 96
7.2 Limitations and directions for future work . . . . . .. ... .00 98
Bibliography . . . . . . . 102



2.1
2.2
2.3
2.4

2.5

2.6

2.7

2.8

3.1
3.2
3.3
3.4
3.5

3.6

List of Figures

The model structure of the interdependent cattle and transportation systems
Goal model of the system . . . . . . . .. ... ... ...
Animationona GISmap . . . . . . . . ... L

Statistics of cattle in each production stage within SW KS over a 365-day

Sample plots of cattle quantity in individual producer locations within SW
KS over a 365-day period. . . . . ... ..
Fraction of demand met over the fraction of trucks removed from the trans-
portation industry under different removal strategies in a two-week period.

Fraction of demand met over the fraction of trucks removed in transportation
industry under strategies differentiated on sectors in a two-week period. . . .
Normalized product of headcount and distance of transportation industry on

the fraction of cattle premises removed in a two-week period. . . . . . . . ..

Structure of the agent-based epidemic model. . . . . . . .. ... ... ...
Distributions of numbers of infected producers and cattle agents removed. . .
Comparison between scenario 2 and scenario 7. . . . . . ... ... ... ..
Comparison between scenario 8 and scenario 9. . . . . .. .. .. ... ...

Distributions of the total number of cattle agents and total packer operating

The sensitivity of the number of days to trace back and forward during infor-

mation sharing. . . . . . .. L L

x1

12

16

19

24

25

27

28

30

37
44
45
46

47



3.7

4.1
4.2

4.3
4.4
4.5
4.6
4.7
4.8
4.9

5.1
5.2
5.3
5.4

6.1

6.2

The sensitivity of indirect transmission probability and contamination period

under scenario D&IN_B. . . . . . . ..

Structure of the agent-based model added with human behavior factors. . . .
Probability to increase biosecurity as a function of the number of infected
farms driven by risk attitude. . . . . .. ... oo 0oL
The number of cumulative infected producers over time. . . . . . .. . ...
The number of currently infected producers over time. . . . . . . ... ...
Distributions of the number of cumulative infected producers. . . . . . . ..
Distributions of the epidemic duration. . . . . . .. . . ... ... ... ...
Distributions of the number of cattle removed. . . . . . . . . ... ... ...
Distributions of the number of infected packers. . . . . . . . ... ... ...

Distributions of the total packer operating time. . . . . . . .. ... ... ..

An example of load loss propagation in a four-tier supply chain. . . . . . ..
Simulation results using synthetic networks. . . . . .. .. .. ... ... ..
Simulation results using the European supply chain network. . . . . . . . ..
Plots of the fraction of failed nodes as a function of the relative load decrease

0 using the mean-field model. . . . . . . . . ... ...

Fitting the model to the cumulative confirmed cases from January 19th to
April 16th. . . . . . o

Epidemic dynamics under four scenarios. . . . . . . ... ...

xil

64

93



2.1
2.2
2.3
24
2.5
2.6
2.7

3.1
3.2

4.1
4.2

List of Tables

Transportation flows and percentages of total transport activity . . . . . . . 14
Agent types, capability and roles . . . . .. ... 17
Interacting agents and rules . . . . . .. ..o 18
Summary input statistics. . . . . . .. ..o 18
Summary of key variables . . . . . . . ... ..o 20
Key statistics over a year. . . . . . . . ... oo 26
Summary of removal strategies. . . . . . .. . ... 27
Parameters used for simulating the FMD spread . . . . . . . ... ... ... 38
Description of the scenarios . . . . . . . . .. .. ... ... ... 41
Model parameters . . . . . . ... 57
Description of the simulation sets . . . . . .. . ... ... ... ....... 60

xiil



Acknowledgments

First and foremost, I would like to express my sincere gratitude to my advisors, Dr.
Don Gruenbacher and Dr. Caterina Scoglio, for their continuous support, encouragement,
trust, and patience. What I have learned from them over these years will accompany me for
the rest of my life. T am extremely grateful to my committee members, Dr. Jessica Heier
Stamm and Dr. David Amrine, for their precious time and constructive comments on my
work. I also want to thank Dr. Daniel Andresen for serving as the outside chairperson of
the examining committee for this doctoral degree.

I am incredibly grateful to Dr. Gary Brase and Dr. Scott DelLoach for their support and
guidance on my research work. Special thanks to Dr. Martin de Jong and Dr. Haiyan Lu at
TU Delft for collaborating on ‘A network-based approach to model the development of city
branding in China,” which is my first journal publication. I want to thank my friends, Xin
Li, Haotian Wu, Xinya Wang, Wenting Ma, Sheng Cang, Yun Wang, Wenji Zhang, Lawryn
Edmonds, Hang Zhang, Futing Fan, Junyao Kuang, Chunlin Yi, and many others for all the
happy times we spent together.

Lastly, I owe gratitude to my family members for their endless love throughout my life.
Without encouragement from my parents, it would be impossible for me to complete this
doctoral degree. They are the best friends in my life, with whom I share my happiness and

sorrow every day during this long journey.

Xiv



Dedication

To my beloved daughter Iris.

XV



Preface

This dissertation, “A complex system approach to assess the beef cattle industry robust-
ness against biosecurity threats,” is submitted for the degree of Doctor of Philosophy in
the Department of Electrical and Computer Engineering at Kansas State University. The
research was conducted under the supervision of Professors Caterina Scoglio and Don Gru-
enbacher.

To the best of my knowledge, this work is original, except where acknowledgements and
references are indicated. Most of the work has been presented in the following published or

submitted peer-reviewed journals:

e Qihui Yang, Don Gruenbacher, Jessica L. Heier Stamm, Gary L Brase, Scott A De-
Loach, David E Amrine, and Caterina Scoglio. Developing an agent-based model to

simulate the beef cattle production and transportation in southwest Kansas. Physica

A: Statistical Mechanics and its Applications, 526:120856, 2019.

e Qihui Yang, Don M Gruenbacher, Jessica L. Heier Stamm, David E Amrine, Gary
L Brase, Scott A DeLoach, and Caterina M Scoglio. Impact of truck contamination
and information sharing on foot-and-mouth disease spreading in beef cattle production

systems. PLoS ONE, 15(10):e0240819, 2020.

e Qihui Yang, Don M Gruenbacher, Gary L Brase, Jessica L Heier Stamm, Scott A De-
Loach, Caterina M Scoglio. Simulating human behavioral changes in livestock produc-

tion systems during an epidemic: the case of the US beef cattle industry. Submitted.

e Qihui Yang, Caterina M Scoglio, and Don M Gruenbacher. Robustness of supply chain
networks against underload cascading failures. Physica A: Statistical Mechanics and

its Applications, 563:125466, 2021.

XVl



e Qihui Yang, Chunlin Yi, Aram Vajdi, Lee W Cohnstaedt, Hongyu Wu, Xiaolong Guo,
and Caterina M Scoglio. Short-term forecasts and long-term mitigation evaluations

for the COVID-19 epidemic in Hubei province, China. Infectious Disease Modelling,
5:563-574,2020.

Simulated cattle and truck movement date sets which can be useful for the community

studying interconnected complex systems are published in the following data repository :

e Qihui Yang, Caterina Scoglio, Don Gruenbacher. EAGER: SSDIM: Data Generation
for the Coupled System Composed of the Beef Cattle Production Infrastructure and

the Transportation Services Infrastructure in Southwestern Kansas. DesignSafe-CI,

2019. https://doi.org/10.17603/ds2-3{t2-0441.

This research is supported by the National Science Foundation, USA, under Grant Award
CMMI-1744812.

xXvii



Chapter 1

Introduction

1.1 Motivation

The U.S. food and agriculture systems, which account for roughly one-fifth of the nation’s
economic activity, face many biosecurity threats such as natural hazards and animal disease
outbreaks. Here, biosecurity is a term broadly defined as a strategic and integrated approach
to analyzing and managing relevant risks to plant health, animal health, human health, and
the environment'. These four different sectors are not isolated, and biosecurity hazards
existing in one sector can potentially spread to other sectors?. For instance, the ongoing
coronavirus disease 2019 (COVID-19) pandemic has dramatically impacted people’s normal
activities and left significant economic consequences to industries, among which the livestock
production industries are one of the most negatively impacted sectors®*. In the United
States, outbreaks identified among meat-processing workers led to the closure of several
meat-processing plants, causing sharp disruptions in livestock production. Shutdowns of
restaurants and schools led to a 12-15% reduction in the total demand for dairy®. Peel et
al.% suggested that COVID-19 could result in $13.6 billion of economic losses to the U.S.
beef industry, highlighting the fragility of today’s intensive livestock production industries.

In modern society, livestock production systems have become increasingly interconnected

with other infrastructure systems, including transportation systems. The interdependencies



among infrastructure systems can cause a high systemic vulnerability within the overall U.S.
economic system?. Livestock production heavily relies upon transportation services for the
timely delivery of animals. It can suffer substantial financial losses due to disruptions in
transportation infrastructure caused by natural disasters and movement restrictions during
disease outbreaks. On the other hand, disruptions in livestock production would likely un-
dermine the profitability of regional truck companies due to underutilized capital assets and
employee layoffs. For example, the 2001 U.K. foot-and-mouth disease outbreak required the
slaughter of approximately 6.5 million animals to contain the epidemic. Shutdowns of farm
activities left significant impacts on the meat and dairy production and local communities
that rely on these industries, resulting in severe economic losses totaling more than £2.8
billion®?.

The examples above illustrated the necessity to examine the systemic-level behavior that
goes beyond a single component behavior to address biosecurity concerns in complex systems.
Scholars have conducted extensive studies on the cascading failure phenomenon and network
robustness of complex systems!? 8. The failures in these models are often overload-driven.
For example, power outages can lead to load redistribution across the power system and
result in more failures due to the power flows exceeding the line capacity. Failures in a
critical fraction of nodes could lead to a failure cascade and complete breakdown of the
interdependent systems'®. However, few works have focused on the interdependence between
livestock production systems with other infrastructure systems.

Industrial livestock production is characterized by intensive and high-throughput sys-
tems, with all parts of the chain from birth to slaughter nearly always operating at full
capacity. Disruptions that initially occur at one part of the chain can immediately impact
both upstream and downstream aspects due to entities’ demand-supply relationships. Such
impacts could be amplified and propagated throughout the supply chain®. Several studies
have utilized the above overload failure models to analyze the cascading failures in supply
chains'%?°. In supply chain networks, nodes refer to supply chain entities, and links repre-
sent interaction and connections among the entities. However, cascading failures in supply

chains are mostly caused by insufficient load, and only a few works have considered such fail-



ures?! 1, which are referred as underload cascading failures hereafter. When entities cannot

fulfill the expected production requirement to overcome fixed production costs, they will fail
to gain profit and possibly exit the market. When a node is disrupted, its downstream and
upstream neighbors will be affected due to supply shortage and demand losses, respectively.

Among the disruptions, animal disease outbreaks are a major threat to livestock produc-
tion supply chains. In view of livestock producers, biosecurity is referred to as implementing
control measures to decrease the chance of animal disease spreading?®. Over the past few
years, simulation models have been widely used to analyze control strategies for farm-to-farm
disease transmission. While disease transmission through the movement of infected cattle

has been extensively studied in previous works?¢ 2

, indirect contact through fomites such
as contaminated equipment and vehicles has recently gained attention. Only a few studies
have focused on indirect contact via livestock transporters, one of the most at-risk opera-

2930 Tn addition, most these herd-level models are based on static networks

tor categories
and rely on accurate estimates of the contact frequency and distance distribution between
livestock operations®3!. As possible outbreak sizes may be overestimated in static networks,
recent work has increasingly focused on temporal network measures®?. However, most simu-
lation models are built without slaughterhouses, the inspection at which is the most effective

33 Moreover, human factors such as

surveillance component for early epidemic detection
farmers’ risk perception and disease experience of neighboring farmers are likely to influence
farmers’ willingness to comply with biosecurity protocols, but most animal disease models
do not account for human behavioral changes, which could lead to substantial bias in the
predicted epidemic trajectory34 37,

Computational modeling offers a practical method to simulate complex systems, in which
the non-linear interaction effects among individuals could be highly heterogeneous. Agent-
based modeling (ABM), also called individual-based modeling, is one computational method
that has been used in various disciplines, including economics, agriculture, logistics, and
healthcare3®#*. In these models, autonomous agents maintain behaviors characterized by a

set of simple rules?®. ABM is a more general term than the individual-based model, which

is most commonly used in ecology®6. As alternatives to classical mathematical tools, ABMs



developed for disease prediction can simulate the disease transmission among individuals
in a more fine-confined way®”. There are a number of ABMs developed in the context
of livestock production to study the policies and human decision factors in social-ecological
systems?® 3. However, none of these previous research explicitly models livestock production
and the associated transportation industry as two distinct but interdependent industries.
Although extensive studies have been conducted to ensure biosecurity in complex systems,
there are various topics in this field that remain to be explored. In this dissertation, we aim
to advance our knowledge of 1) the robustness of interconnected beef cattle production and
transportation systems, 2) the impact of information sharing and indirect contact on animal
disease spreading, 3) the interplay between human behavior and animal disease spreading,
4) the robustness of supply chain networks, and 5) mitigation measures for the COVID

spreading.

1.2 Background

In this section, we introduce beef cattle systems, which are the main focus of this disser-
tation. The U.S. beef industry contributes significantly to the global meat supply chain,
accounting for 20.3% of the world’s beef production by January 2020°*. As the most crit-
ical component in U.S. agricultural industries, cattle production accounts for $66.2 billion
in cash receipts and represents about 18 percent of the $374 billion in total cash receipts
forecast for agricultural commodities in 2019°°. The region of southwest Kansas provides a
great context to study beef cattle production systems. Kansas ranks third in the U.S., with
2.5 million head of cattle on feed as of January 1, 2021, according to the USDA’s National
Agricultural Statistics Service. The beef cattle sector provides 38,973 jobs to the Kansas
agriculture industry and contributes approximately $8.7 billion to the Kansas economy°°.
Modern beef cattle production in the U.S. is a highly specialized system that spans
from cow-calf ranches, to stockers, to feedlots, to packers. There are several terms used
to describe cattle based on their gender and life stages. “Calves” are young cattle of both

genders. “Cows” are female cattle that have had a calf. “Steers” are castrated male cattle,



and “heifers” are female cattle before having calves. In cow-calf ranches, cows produce a new
generation of calves that are fed until around 450 pounds, and will be sold directly or via
auction markets to stockers. At approximately 650 pounds, cattle raised in stocker operations
will be sold directly or via auction markets to feedlots. Once heifers and steers in feedlots
achieve 1250 pounds and 1350 pounds, respectively, they will be moved to the final meat-
processing facilities, the slaughterhouses. Slaughterhouses are also called packers in U.S.
beef production systems, and these two terms are used interchangeably in Chapters 2-4. In
addition, the beef slaughter industry in the U.S. is heavily concentrated, with only four firms

in Kansas accounting for more than 80% of the total beef slaughter capacity®.

1.3 Research questions and contributions

In this dissertation, we use computational methods to model behaviors of complex systems in
the face of biosecurity challenges. Although this dissertation mainly focuses on beef supply
chains, our methods can be applied to other livestock production systems.

The first question we explore in this dissertation is how the interdependence between
cattle production and transportation systems can affect the system performance under dis-
ruptions. In addition, we aim to generate realistic cattle and truck movement data for
southwest Kansas. The outcome will significantly raise awareness of vulnerabilities in the
interconnected system and benefit existing disaster preparedness.

The second question is how truck contamination and information sharing can impact
the foot-and-mouth disease virus transmission in the beef cattle systems. The findings are
expected to promote mitigation strategies informed by data sharing among cattle premises.

In the third question, we examine how human behavioral changes around biosecurity
could affect the animal disease spread. The outcomes are expected to deepen our under-
standing of the link between disease transmission dynamics and human behavioral changes,
and improve animal disease management.

The fourth question we investigate in this dissertation is whether an abrupt breakdown

would emerge in supply chain systems against underload cascading failures. We examine



the fraction of failed entities under load decrease and load fluctuation scenarios through
numerical simulations. We also provide analytic results based on the assumption of equal
load redistribution upon failures. The outcomes are expected to shed light on the qualitative
behavior of real-world supply chain systems that policymakers can consider to avoid systemic
failure risks.

In our final study, we test the effectiveness of non-pharmaceutical interventions on COVID
spreading in Hubei Province, China. Understanding the impact of non-pharmaceutical in-
terventions on the epidemic dynamics is crucial for decision-makers to take proper actions to
contain the pandemic. The findings can be a reference for policy recommendations regarding
the epidemic in other countries.

My major contributions in this dissertation are summarized as follows:

e Develop an agent-based model for the interdependent beef production and associated

transportation systems®%°?.

e Identify meat-packers as critical components of the beef production system as dis-
ruptions in trucks serving packers have the worst impact on cattle production. The
interdependent system is robust to random failures but vulnerable to the targeted shut-
down of cattle premises or truck premises. Realistic cattle and truck movement data

sets are provided for the community studying interconnected complex systems”®.

e Reveal that including indirect contact routes through contaminated trucks can signifi-
cantly increase the disease spread amplitude, compared with equivalent scenarios that
only consider direct contact routes via animal movement. Enabling information infras-
tructure on producers and packers reduces the median number of infected producers in
the producer isolation scenario by 90.28%, suggesting it is imperative to promote in-

formation sharing in the cattle industry for rapid disease detection and containment®.

e Quantify the impact of human behavior factors on epidemic dynamics. Shifting 40%
of producers towards greater risk-averse behavior can lead to a sharp decrease in the

median number of infected producers, from 102 to 31, assuming that producers initially



have low compliance for biosecurity protocols.

e Discover numerically and analytically the existence of a discontinuous phase transi-
tion in supply chain networks facing disruptions. Unlike other systems studied under
overload cascading failures, the supply chain system is more robust for power-law dis-

tributions than uniform distributions of the lower bound load parameter .

e Reveal that the epidemic in Hubei Province could have become persistent without
continued control measures, using an individual-level network-based model. Only by
continuing to decrease the infection rate through strict protective measures and so-
cial distancing measures, the COVID spreading dynamics would peak at around mid-

February and approximate the actual epidemic trajectory in March 2020,

1.4 Dissertation structure

The dissertation is organized as follows. Chapter 1 introduces the background, research ques-
tions and contributions of this dissertation. Chapter 2 introduces the agent-based model we
developed for the beef cattle industry in southwest Kansas and analyzes the interdependence
between the cattle and transportation systems. Chapter 3 simulates the foot-and-mouth
disease spreading through the movement of infected animals and fomite, and evaluates the
effectiveness of different mitigation strategies. Chapter 4 demonstrates the impact of human
behavior factors on animal disease transmission in livestock production systems. Chapter 5
proposes an underload cascade failure model for supply chain networks, and examines the
network robustness under disruptions both analytically and numerically. Chapter 6 assesses
the effectiveness of non-pharmaceutical interventions on the epidemic dynamics in Hubei
Province through network-based modeling. Finally, Chapter 7 presents the key conclusions,

reflects on the limitations, and suggests directions for future research.



Chapter 2

Robustness of interdependent cattle

production and transportation

systems1

2.1 Introduction

Critical infrastructure systems (CIS) such as power grids and water supply systems provide
reliable flows of products and services vital to society. They can be disrupted by techno-
logical failures such as the 2003 Northeast American power blackout and 2021 Texas power
outages, by natural hazards like hurricanes and by deliberate attacks like the cyber-attack on
the Ukrainian electrical distribution system® 9. These disruptions are more than inconve-
niences; the cumulative costs from damage due to natural disaster events in the U.S. reached
$306 billion in 2017%. Studies have been conducted extensively on individual networks to

6770 " However, modern infrastructure systems no longer exist

enhance network resilience
in isolation but have become mutually interdependent. For example, the food and agricul-
ture sector, which accounts for roughly one-fifth of the nation’s economic activity, exhibits

particular interconnectedness with other CIS sectors, including transportation systems”.

! This chapter is a slightly modified version of our published article?®®.



Disruptions of components in one system may propagate and cause elements in the other
system to fail. Several studies have focused on enhancing the robustness of interdependent
networks under random failures and targeted attacks!'®'%2°. But to our knowledge, no such
exercise has been undertaken to analyze the interdependence between food production and
transportation systems.

The region of southwest Kansas (SW KS) provides a great context to study the interde-
pendence of the beef cattle production industry, one component of the food and agriculture
sector, with the transportation industry. Incapacitation or destruction in either cattle pro-
duction or transportation would almost certainly cripple the regional economy. Disruptions
in cattle production would likely undermine the profitability of regional truck companies due
to underutilized capital assets and employee layoffs. On the other hand, lack of transporta-
tion services could lead to delays in cattle movement between premises.

Although the interconnectedness between these two industries has not been systemati-
cally studied, as has been done with other infrastructure systems, several studies have focused
on the main factors affecting the stability of the cattle system. The cattle production system
can be influenced by fluctuations in weather. For instance, drought may cause premature
termination of the grazing season and force producers to sell cattle early due to limited feed
reserves, resulting in lower cattle production and higher mortality rates®” ™. Additionally,
disease outbreaks can cause disruptions in cattle production. Schroeder et al. estimated that
a foot-and-mouth disease outbreak in the central U.S. would result in the loss of as many as
7,000-8,000 livestock herds and 16-18 million animals™.

A successful beef cattle system heavily relies upon timely delivery and proper handling
of cattle for transportation. Consider that the prices paid for slaughter cattle in the U.S. are
influenced by age, quality grade, yield grade, and weight. Among these cattle production
parameters, the USDA quality grade and cattle finishing diet have the greatest impact on beef
flavor profiles™. Animals that deposit excessive fat can lead to discounted prices accordingly.
In cattle transportation, the loading density, trailer environment, transport duration, and
animal condition are substantially related to animal welfare, carcass and meat quality > 7.

Transportation may be a potential stressor and decrease beef cattle welfare, resulting in



substantial financial losses to the beef industry ™. However, natural disasters such as heavy
snowstorms and tornados may lead to disruptions in transportation infrastructure. Bai et
al.®% studied the transportation mode of meat-related industries in SW KS and provided
county-level cattle transportation data, which will be used to validate our model.

Previous research reveals that beef cattle production and transportation infrastructures
are interrelated, but no study has evaluated the interdependence between these two indus-
tries. In this work, we will assess the robustness of the interdependent cattle production
and transportation systems under different node failure conditions. Removal of nodes repre-
senting animals or premises is often conducted to examine the likely effects of implementing
trade restrictions or vaccinations during disease outbreaks® 3. Similarly, we will simulate
the removal of cattle to mimic the loss of supply due to disease outbreaks. In scenarios
depicting transportation disruptions, trucks will be removed to represent vehicle shortage
caused by deliberate attacks.

Of course, understanding the interdependent cattle production and transportation sys-
tems requires the availability of movement data and cooperation among private operators.
Animal movement tracking systems in Europe have contributed significantly to the analysis

31;84-86 - However, the adoption of

of livestock movements and disease spread patterns there
a traceability system is not compulsory for U.S. beef cattle operations, and producer organi-
zations have been against such systems for confidential concerns. To address this challenge,
questionnaire-based methods have been used in some studies to examine livestock movements
in the U.S.2%87. Other studies try to estimate movement based on Interstate Certificate of
Veterinary Inspection data, but these only capture the interstate movement patterns®8.
Therefore, this chapter first generates cattle and truck movement data among production
locations in normal conditions using agent-based modeling (ABM).

ABM offers a practical method to model the complex cattle system. Prior agent-based
simulations regarding the beef cattle industry have focused on disease prediction and control
measures " . Other research has studied the risk management strategies in reaction to dis-

ease outbreaks, agricultural policy interventions, and market dynamics*® 3. However, none

of these studies explicitly model both the cattle industry and the associated transportation
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industry as two distinct but interdependent industries. This work thus adds a new element
to this domain. Based on the eighty-five ABM frameworks” and additional research on
modeling and simulation capabilities, we selected AnyLogic as an appropriate simulation
toolkit for this study.

In this chapter, we develop an agent-based model that builds the business operations
of both the beef cattle industry and the associated transportation services. This model is
employed to generate cattle movement data among premises under normal conditions and
then to assess the system robustness under different node failure conditions. The next section

illustrates our approach to develop the model and assess the system robustness.

2.2 Model

In this section, we first introduce the operating principles of the beef cattle industry and the
transportation industry. Assumptions are made based on prior research and field studies.
Then we illustrate the model design guided by the Organization Model for Adaptive Com-
putational Systems (OMACS) framework. In the end, implementation details in AnyLogic

are briefly described.

2.2.1 Conceptual model of the interdependent system

Besides the literature review above, we consulted beef cattle experts and performed field
studies in a local auction market and a finishing feedlot. According to the main findings from

these activities, the operation processes and assumptions are summarized as the following.

Operating principles and model assumptions of the beef cattle industry

In the model, the beef cattle system mainly consists of three components: live production,
entry point, and packer. Market conditions are assumed to be stable, and price fluctuations
are not included for simplification reasons. In the cattle trading process, the buyers randomly

select sellers to purchase cattle, and operators in each production stage make decisions to
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move cattle mainly based on the animals’ weight. The model structure is depicted in Fig. 2.1.
Calves raised in ranches are sold to stockers either through direct sales or auction markets.
Similarly, feedlot operators source cattle either directly from stockers or through auction
markets. Here, auction markets refer to the physical sale barns and are seen as aggregated

points for cattle movement.

Main agent
Live Production Truck Company Truck Entry Point —» Packer Cattle
Manage cattle Location Move Location Buy cattle Weight
Sell/Buy Transport cattle Load Transport cattle Enter meat process Gender
Transport cattle Unload Location Location
Location Transport cattle
Operation type “AA

Auction
market

— Cattle movement
- = Orderflow

|_________ S —— P Play role of

Figure 2.1: The model structure of the interdependent cattle and transportation systems

Live production. The live production locations are cattle premises inside SW KS,
namely cow-calf ranches, stockers and feedlots. The latter two categories are referred to as
“starter feedlot” and “finishing feedlot” in paper®. Cattle producers usually purchase cattle
on a weekly basis based on their inventory and cattle flow requirements. They continue
buying the available supply of animals until they achieve their maximum size. If the supply
inside SW KS cannot provide enough cattle, the producers will purchase cattle from outside
SW KS. More specifically, when the available cattle supply within SW KS is below the pro-
ducer’s demand multiplied by the presumed percentage of animals coming from within SW
KS (see below), the producer will purchase more cattle from outside SW KS to compensate

this shortage. In particular, we assume:

e For a feedlot, around 10-15% of its cattle are purchased from within SW KS, and

the remaining 85-90% are sourced from outside the region. The average daily gain
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is uniformly distributed between 2.6-3.3 pounds per day for heifers and 3-4 pounds
per day for steers. Once heifers and steers achieve 1250 pounds and 1350 pounds
respectively, they will be moved to the packers. At model initialization, the ratio

between heifer and steer is set at 0.6:0.4.

For a stocker, about 50% of calves originate from SW KS, and the rest come from
outside. Both heifers and steers grow at a rate of 2 pounds per day, and they are moved
to feedlots for backgrounding once they achieve 650 pounds. At model initialization,

the ratio between heifer and steer is 0.6:0.4.

For a ranch, cattle gain 1.67 pounds per day, and the finishing weight is 450 pounds.
Cows are equally likely to give birth to a heifer or steer calf. Based on the ideal
distribution of pregnancy for cow-calf herds in paper®”, it is assumed that most calves
are born in March and April in the model. We assume 60% of the herd gives birth in
the first 21-day interval, 23% in the second 21-day interval, and 7% in the third 21-day
interval. Additionally, 5% of calves are born outside this 63-day period. It is assumed
that 5% of cows fail to become pregnant and therefore they won’t give birth to calves.

At model initialization, only cows are set in the ranches.

Entry point. Since there are also cattle coming from outside SW KS, we put 12 entry

points on the system boundaries which are located on the major highways into and out of

SW KS, as in paper®’. Cattle and trucks are placed at these entry points to represent those

cattle or trucks coming from outside SW KS into the region. The following assumptions are

made for the cattle from outside SW KS: (1) Transporting finished cattle from outside SW

KS to the packers: 70% of the cattle come from the south, and 10% of cattle come from each

of the north, east, and west directions®’; (2) Transporting feeder cattle from outside SW KS

to the feedlots: 30% of the cattle come from each of the north, south, and east directions,

and 10% of the cattle come from the west®’; (3) Transporting calves from outside SW KS to

stockers: same as the feedlots; (4) No calves are coming from outside SW KS to the ranches

in SW KS; (5) Cattle are evenly distributed among those entry points in the same direction.
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Packer. All the cattle fed in SW KS are assumed to be slaughtered in the four major
packers in SW KS as consistent with paper®’. Despite the influence from market conditions,
the demand for finished cattle remains relatively constant throughout the year. Each packer
operates close to full capacity and slaughters, on average, 6,000 head of cattle per day. From
Monday through Friday, the meat processing lasts for 16 hours per day, and the cleaning
process goes on in the remaining 8 hours. Buyers from the packers randomly select feedlots
to purchase cattle weekly. In 2005, there were 2,539,280 cattle transported from outside SW
KS and 3,721,050 finished cattle transported from inside SW KS to the packers®’. Based
on this, we assume that each packer purchase 59% of its cattle from within SW KS and the

rest from outside SW KS.

Operating principles and model assumptions of the transportation industry

In reality, cattle movements among premises are highly dynamic and depend on a multitude
of factors such as space availability, cattle weight and feed availability. For simplicity, we

assume the ratios of total transport activity for each type of transportation flows as in

Table 2.1.
Table 2.1: Transportation flows and percentages of total transport activity
Transportation flows Percentages of total transport activity
Origin Destination | Type Owned by | Rent Owned | From
producers | from by entry
fleets packers | points
Ranch Stocker Via auction market | 10% 90% - -
Ranch | Stocker Via direct sales 90% 10% - -
Stocker | Feedlot Via auction market | 10% 90% - -
Stocker | Feedlot Via direct sales 90% 10% - -
Feedlot | Packer Via direct sales - - 100% -
Entry Packer Via direct sales - - 100% -
point
Entry Producer | Via direct sales - - - 100%
point

After producers (ranch, stocker or feedlot) finish trading cattle, the buyer will transport

the cattle either using its trucks or renting from truck companies. More specifically, 90%
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of cattle movements through direct sales between producers are via producers’ trucks, while
the remaining 10% are via trucks from fleets. In comparison, cattle movements via auction
market between producers have the opposite percentages of total transport activity. Overall,
34% of the operations purchase cattle from the auction markets”. Entry points representing
truck premises outside SW KS, use their trucks to move cattle from outside to the region.
Packers use their trucks to ship cattle from both inside and outside SW KS.

In the model, vehicles owned by cattle producers are of small capacity, while all the rest
are of large size. A large truck can accommodate on average 45 finished cattle or can hold
75 feeder cattle®®. By similar calculations, it is assumed that small vehicles can carry 38
feeder cattle or 75 calves.

Livestock transportation is subject to federal and state regulations governing drivers’
hours of service, as well as animal welfare requirements®’. Thus, we assume that each truck
driver must complete a route within a 14-hour duty period and must rest for ten consecutive
hours before going back on duty. Based on this, a vehicle dispatch algorithm is designed to
minimize the number of vehicles dispatched and total distance traveled while obeying duty

time limits.

2.2.2 Model design

In this section, we illustrate the model design using the OMACS framework. Packer, live
production, fleet and entry point agents are all in possessions of trucks and are referred to
as truck premises. Meanwhile, live production and entry point agents are suppliers of cattle
and are indicated as cattle premises.

The OMACS framework is proposed to guide multi-agent system design, and its funda-
mental concepts include agents, goals, and roles'®’. Our model consists of two organizations
at the highest level of conception, i.e., the cattle production process and the transportation
process. Constructed in agentTool I Fig. 2.2 presents the goal classes that drive the
system and the parameters related to these goals. Each goal is labeled as G, using the

following notation. The top goal consists of two sub-organization goals, i.e., initialize the
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beef cattle industry (G1) and initialize transport services (Gs). The top goal indicates that

agents need to be appropriately created and located based on the GIS map at model setup.

«Goal»
0 Initialize the main environment

«and»

«Goal»
1 Initialize beef cattle industries

«Goal»
«and» 2 Initialize transport services
Location : latitude,longitude
Owner : live production/entry point/packer/fleet
Goal .
«G?al» . «Goal» o Trucks : List(Truck)

1.1 Operate live production 1.3 Operate entry point 1.2 Operate packer .

Location : lat,lon Location : lat,lon Location : lat,lon wanc>

Type : ranch/stocker/feedlot | ( Catt : List(Cattle) POfCattle : List(Cattle) «Goal»

Capacity : int Capacity : Type

2.1 Receive orders

«and» X PlanSet : List(Order)
require(order)

monitor(quantity) \
monitor(quantity) request(order)
timeout()

«Goal» \\
3 Trade cattle

org : Live production/Packer «Goal»

dest : Live production/Entry Point 2.2 Dispatch vehicles

amount : int capacity : int

«Goal» inventory : int distance : double

1.1.3 Breed calves demand : capacity-quantity time constraint : double
season : date «and»

timeout()

«Goal»
2.2.1 Move

«Goal»
1.1.1 Fatten cattle

«Goal»
1.1.2 Sort cattle

3 CattleReady : List(Cattle)
gender : heifer/steer COfCattle : List(Cattle)

«Goal»
2.2.2 Load/Unload

amount : int

task : List(Order)
routing : OSM server
cattleList : List(Cattle)

W monitor(weight)

Figure 2.2: Goal model of the system

In the cattle industry organization, G is decomposed to three leaf goals (G1.1, G2, G1.3)
that are assigned to live production, packer and entry point agents, respectively. The sub-
goal of G141, fatten the cattle (G11.1) is the only goal that initially exists, and the rest are
triggered by events. When the system starts, (G111 is applied to all live production agents,
in which cattle weight is based on the average daily gain. Meanwhile, a timeout-event is
periodically triggered so that producers periodically sort those cattle above the finishing
weight into groups, which are ready to be shipped (G12). Cows in ranches are assigned
with G135 breed the cattle, which is triggered once a year. (3 trade cattle is a complex

goal assigned to live production and packer agents. They periodically count their cattle
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inventory and will start to purchase cattle once the inventory falls below the capacity (an
event is raised to trigger G3).

In the transportation organization, truck premises need to achieve goals of Gy receive
orders and G5 dispatch vehicles. At idle state, the vehicles are placed at the truck premises.
After the cattle trade ends (G3), an event will be triggered to send requests for transport
services, which will be received by the truck premises agent (G31). A time-out event will be
triggered so that the truck premises conducts the vehicle dispatch algorithm and sends the
trajectory commands to the vehicles (Go5) on the second day. Upon receiving the messages,
the truck starts to move to each order’s origin to pick up cattle and unload the cattle at the
destination (G291 and Ga22).

OMACS goals are achieved by agents playing specific roles within the corresponding or-
ganization. Table 2.2 shows the agent types, the capabilities required and the corresponding
roles. For example, the cattle playing the role of heifers give birth to calves each year.

Table 2.3 details the interactions between agents or roles.

Table 2.2: Agent types, capability and roles

Agent Capability possessed Playable roles

types

Cattle Give birth; Grow. Heifer; Steer.

Truck Move along the road; Transport cattle; Com- | Truck.
munication.

Fleet Execute algorithms; Communication. Truck premises.

Live Accommodate cattle; Trade cattle; Cattle premises (ranch,

production | Communication; Sort cattle periodically. stocker or feedlot); Truck

premises.

Packer Accommodate cattle; Trade cattle; Execute | Order buyer; Entrance of
algorithms; Enter meat process; meat process; Truck
Communication. premises.

Entry Accommodate cattle; Execute algorithms; Cattle premises; Truck

point Communication. premises.

Order Record the origin, destination and the Messages in trade process;
amount of cattle. Tasks of the trucks.
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Table 2.3: Interacting agents and rules

Interacting agents rules
Truck Cattle Trucks transport cattle according to the amount

specified in the order.

Packer The packer sends orders to its trucks according to
the vehicle dispatch algorithm.

Fleet Fleet company sends a sequence of orders to its
trucks on the second day of receiving orders.

Entry point Entry point agent dispatches trucks on the second

day of receiving orders.

Live production | Live production agent dispatches vehicles on the
second day after the trade ends.

Live production | Live production | Producers communicate with each other at ran-
dom during a week to trade cattle.

Packer Packers and live producers (feedlots) trade cattle
on each Friday morning.
Entry point Live producers (feedlots or stockers) purchase cat-
tle from entry points
Packer Entry point Packers purchase cattle from the entry points
weekly.

2.2.3 Model implementation

The model was developed in AnyLogic software, with all functions written in Java. The
interdependent system includes a total of 301 live production locations, four major packers
and 12 entry points for cattle and trucks from outside SW KS. Statistics of the model input

are summarized in Table 2.4.

Table 2.4: Summary input statistics.
Ranch | Stocker | Feedlot Total

Number of farms 18 50 233 301
Cattle Inventory | 14,050 | 79,768 | 2,819,189 | 2,913,007

The main agent builds the environment that the other agents share. At model initializa-
tion, it creates and locates the agents within a GIS map based on the latitude and longitude
of the model input data (Fig. 2.3). The routes are requested from OpenStreetMap server

provided by AnyLogic and set with the shortest path method. The live production agents
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are assigned one of the three industry roles: ranch, stocker, or feedlot based on the input
data. Cattle agents are assigned with a weight parameter uniformly distributed between a

minimum and a maximum value and located at their cattle premises.
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Figure 2.3: Animation on a GIS map

The live production agents periodically check whether the cattle achieve the finishing
weight and sort them into the group ready to be shipped. On a weekly basis, they com-
municate with other live production agents and entry point agents to purchase cattle. On
the second day after the trade ends, cattle are transported to the next production stage.
Packer agents purchase cattle from feedlots within SW KS and entry points each week. The
order agent consists of the number of cattle, origin, and destination. Each cattle agent gains
weight based on a growth rate determined by its gender and owner (i.e., type of live pro-

duction agent it belongs to). Heifers in cow-calf ranches breed new calves according to the
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predetermined fertility rate. The variables deemed necessary for readers to understand the

model are shown in Table 2.5.

Table 2.5: Summary of key variables

Agent Variable name Description

Live CofCattle List of cattle not ready to be sold.

production | CattleReady List of cattle ready to be sold to the next place.
FSTrucks List of light trucks belonging to this live production

agent.

PlanSet List of orders to be fulfilled by the trucks.

Packer PofCattle List of cattle physically stay in the packer.
FBTrucks List of large trucks belonging to this packer.
PlanSet List of orders to be fulfilled by the trucks.

Entry Feeders/Finished | List of feeder/finished cattle from outside SW KS.

point PlanSet List of orders to be fulfilled by the trucks.
Trucks List of large trucks from outside SW KS.

The model’s time scale is based on dates, generating data from Jan 1st 12:00:00 AM-Dec
31st 11:59:59 PM. For the simulation experiment, the maximum available memory is set as
“Custom 56320Mb”. “Fixed seed” option is selected for the random number generation,

making the results reproducible.

2.2.4 Experimental design

Two experiments were performed to assess the system robustness in response to disruptions.
In the first experiment, the removal of trucks refers to the unavailability of vehicles caused
by deliberate attacks. In the second experiment, cattle premises are removed to mimic the
loss of cattle supply caused by interventions such as trade restrictions or culling during
disease outbreaks. For example, the removal of entry point agents considers the possible
case, in which cattle are found to be infected outside SW KS and the markets in SW KS are
subsequently closed to cattle from that side of the boundary.

During cattle trade, a cattle buyer randomly selects producers to purchase cattle. To
model this process, we use a pseudorandom number generator in AnyLogic to generate a

sequence of numbers, which are the indexes of the cattle premises. Please note that the
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sequence of numbers is not truly random and is determined by the seed. Therefore, “fixed
seed” option is selected in the simulation setup so that the model will always produce the
same results as long as all the other settings remain unchanged. Accordingly, we only run
the model once to obtain the results for each simulation scenario. Aside from the removal of
the premises, all other parameters remain unchanged for comparison purposes.

A truck premises agent and the population of all the truck premises are denoted as g and
G respectively to explain the simulation process. Truck premises are categorized by agent
class, and the population in the k" category is indicated as Gj, where k = 0, ..., 3 refer to
packer, farm, fleet or entry point respectively. g is the " truck premises agent in the k"

truck premises category. The fraction of unavailable trucks over all the vehicles is denoted

by p.

Disruptions in the transportation industry

To reflect the impact of transportation disruptions on the cattle industry, we defined an

indicator, the fraction of demand met, as follows:

Fraction of demand met(%) = .A/P, (2.1)

where A and P are the total headcount of cattle actually moved and expected to be moved
regarding all cattle premises respectively.

Each truck premises agent dispatches vehicles using the vehicle dispatch algorithm with
input PlanSet, a list of orders to be delivered. Facing vehicle shortage problems, the
truck premise agent would fail to complete assigning all orders in PlanSet. As a result,
those orders fulfilled will be placed in the ActualSet, and the remaining orders are left
at PlanSet. Those cattle which need to be moved by the remaining orders are seen as
cattle losses, since they will not reach their destination on time. The remaining orders

and the new orders coming in will be mixed in PlanSet and processed on the next day.
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Algorithm 1: Compute the fraction of demand set
Input: g € G, which has PlanSet and ActualSet, P, AL L1

Output: P!, A L

1 Function calcFDM(gf, P!, A1, L71):

2 | A«— AL P— P L— L

3 for k< 0 to 3 by 1do

4 Pr+— 0, A, +—0,L,+— 0

5 foreach gf € G, do

6 pF+—0,aF <0

7 foreach order in gF.PlanSet do
8 p¥ «— pf + order.amount

9 end

10 foreach order in gF.ActualSet do
11 af «— a¥ + order.amount

12 end

13 Pro ¢— Pu+pf, Ap «— Ap +af
14 end
15 Ly — P — Ay
16 P—P+Pr, Ac— A+ Ay, L— L+ Ly
17 end
18 | A'«— A P «+— P, LI+ L
19 return P!, At L}

20 End Function

The main agent executes Algorithm 1 on a daily basis to calculate A, P and the total
cattle loss £. We first compute P* by summing up the amount of cattle specified in the order
agents of PlanSet from Gy, which are all truck premises in the k* truck premises category.

Then, P is the summation of P* for all truck premise categories from the first day to the
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last day (simulation stop time). Similarly, the summation of the cattle quantities specified
in ActualSet is A. Alternatively, we can count the number of cattle unloaded every time a
truck arrives at the destination. Both methods are conducted in the experiment and yield

the same results.

Disruptions in the cattle industry

In the cattle transportation industry, the profitability of truck companies or the hauling
cost is closely related to the headcount of cattle transported and the distance of each trip.
Therefore, the product of headcount and distance are calculated as an indicator for the
adverse effects caused by disruptions in cattle industry with the following steps.

Step 1. Live production and entry point agents are removed based on either random or
targeted strategy. In the targeted removal strategy, we progressively remove nodes, one after
another, in the decreasing order of specific criteria.

Step 2. When the truck ¢ fulfills an order j, the miles traveled (round trip) d; and the
headcount of cattle carried during this trip n, are recorded.

Step 3. Calculate the travel distance of all cattle in the system, headcount x distance of
the system, which is ), n; - d;.

The next section will describe the simulation results and implications.

2.3 Results and discussion

In this section, we present results regarding the simulated data generated from the agent-
based model. We then evaluate results regarding the system robustness to disruptions in the

cattle production and transportation industries.

2.3.1 Data generation under normal conditions

We present the visualization of cattle quantity from the perspective of each producer category

and individual cattle premises as follows. Results regarding the total number of cattle located
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in ranches, stockers, and feedlots within SW KS over a year are shown in Figs. 2.4(a)—(d).
The number of new calves born daily is shown in Fig. 2.4(a). In Fig. 2.4(b), the number of
cows in the ranches stays stable while the number of calves increases in March and April
because of the new births. The new calves remain in the ranches for several months and are
then moved to stockers in fall. Therefore, the curve starts to decrease around August. In
Fig. 2.4(d), the total number of cattle living in feedlots fluctuates weekly. Packers ship cattle
out of feedlots from Monday to Friday, causing the number of cattle in feedlots to decrease.
Next, feedlots buy animals from stockers to return to capacity. When the new cattle arrive,
the number of cattle in feedlots increases accordingly. In comparison, the number of cattle

in stockers fluctuates with a smaller amplitude in Fig. 2.4(c).
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Figure 2.4: Statistics of cattle in each production stage within SW KS over a 365-day
period.

Over the annual period, all premises are consistently part of the trade network. With
the constant weekly nature of the market chain, there is little variation between the seasons.

Births of calves in ranches are seasonal, but the ranches’ total capacity constitutes only
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0.48% of the total capacity of all live production sites in SW KS according to our input
data. Therefore, the model is not strongly affected by seasonality.

Cattle quantities of particular premises in each producer category over time result in
similar patterns. Thus, we randomly select one producer agent from each group and present

its cattle quantity over a year in Fig. 2.5.
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Figure 2.5: Sample plots of cattle quantity in individual producer locations within SW KS
over a 365-day period.

The model output contains details describing every truck and cattle movement among
premises, e.g., truck id, cattle id, origin, destination, date. The individual truck movement
data, which are generated from the model and aggregated at the county-level, are within a

180

similar range of the county-level data published by Bai et al®”. Comparisons between these

simulated data sets are shown in Table 2.6.
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Table 2.6: Key statistics over a year.
Statistics Simulated data in Bai Author’s simulated Difference
et al.®0 data
Total number of finished 3,721,050 head 3,694,270 head 0.72%

cattle from feedlots inside
SW KS to the packer

Number of cattle coming
from outside SW KS to
packers

Total: 2,539,280 head;
South: 1,777,496 head;
North/East/West:

Total: 2,569,225 head;
South: 1,798,282 head;
North/East/West:

Total: 1.18%
South: 1.17%
North: 1.16%

253,928 head 256,868 head East: 1.16%
West: 1.16%
Packer annual kill capacity | 6,260,330 head 6,263,495 head 0.05%
Truck miles traveled for 13,456,956 miles 10,749,558.7 miles -
transporting cattle from
inside SW KS to packers
Truck miles traveled for 10,438,844 miles 10,314,759.3 miles 1.19%

transporting cattle from
outside SW KS to packers

Truck miles traveled for
transporting cattle (inside
and outside SW KS) to
packers

23,895,800 miles

21,064,318 miles

2.3.2 Evaluation of system robustness under disaster conditions

In this section, system robustness to disruptions in the beef cattle industry and transporta-

tion industry are measured under different scenarios. Since the model results under normal

conditions show little variation across seasons, subsequent analysis was conducted just for

the first two weeks of the year.

Disruptions in the transportation industry

Removal of trucks over the system. Different removal strategies of truck premises are

summarized in Table 2.7. In Fig. 2.6, all the random strategies result in a similar response

pattern, revealing the robustness of the network.

For example, 61.1% to 76.5% of the demand can be still met when 50% of trucks become

unavailable. In comparison, targeted removal based on a decreasing order of truck quantity
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Table 2.7: Summary of removal strategies.

Strategy

Description

Random strategy-each
premises

For each truck premises agent gf with nf trucks, randomly remove
- nf trucks. In total, > geg P nf’ trucks are removed, where G
refer to all truck premises agents.

Random strategy-over | Randomly remove p > 96 nf trucks from the whole system.
the system
Random strategy-each | For each category k, randomly remove p > 9EGL nf trucks. In total,

premises category

3
remove » y_p degk nf

Targeted strategy-over
the system

In the whole system, intentionally remove p 966 nf trucks based
on truck premises ranked by number of trucks, from high to low.

1
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—®— Targeted-over the system

0
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0.1 02 03 04 05 06 07 08 09 1
Fraction of trucks unavailable

Figure 2.6: Fraction of demand met over the fraction of trucks removed from the trans-
portation industry under different removal strategies in a two-week period.

owned by each truck premises leads to a notably faster drop in the fraction of demand met.
Among the truck premises, packers possess the largest numbers of trucks. Thus, their trucks
will be removed first under the targeted strategy. Packers utilize their vehicles to pick up
cattle both from inside and outside SW KS. Once packers lose all their trucks, they are
unable to pull cattle from feedlots. Consequently, feedlots will always be at full capacity and
will not request cattle from other premises. Similarly, stockers will not purchase animals
from other suppliers as well. Therefore, the system’s transportation flow quickly stops when

the fraction of trucks unavailable reaches around 14%, which is the ratio of the number of
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packers’ vehicles over total truck quantity in the system.

Removal of trucks over each truck premises category. Here we analyze the system
robustness with the removal of trucks belonging to each truck premises sector. We continue
removing those trucks from the truck premises based on their truck quantity, from high
to low, until the number of vehicles removed reaches the product of p and the total truck

quantity in the system (see Fig. 2.7).
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Figure 2.7: Fraction of demand met over the fraction of trucks removed in transportation
industry under strategies differentiated on sectors in a two-week period.

In Fig. 2.7, both the black curves change abruptly compared with others, indicating
that disruptions in the packer sector affect the cattle movement most. Packers are the
most demanding truck premises located at the top of the supply chain, making the coupled
system more fragile. When 10% of the total truck population is removed under a targeted
strategy on packers, the demand met is reduced by about 90%. In comparison, random
removal of trucks from the packer sector seems to be slightly less impactful and converges
with the targeted strategy at around 14%, which is the maximum portion of all trucks that
the packer sector owns. It is worth noting that, although the total trucks from producers
constitute around 55% of all trucks in the system, complete removal of the producers’ trucks

only decreases the fraction of transportation demand met by about 15%. This is probably
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because there are many feedlots, allowing a relatively robust network.

These findings highlight that packers and regional boundaries represent crucial compo-
nents of truck industry resiliency. Packers are the premises with the largest number of trucks,
followed by the entry points. To mitigate the effects of deliberate transportation attacks on
the cattle industry, truck premises should become more resilient by distributing vehicles
within a larger geographical area. In the model, we did not consider sharing trucks among
different truck premises. Such coordination among truck premises may help decrease the
effects of transportation disruptions on cattle production during disasters. For example, if
all the trucks become unavailable at a packer, other neighbors’ trucks could transport cattle
and fulfill its production needs. In this way, cattle production could possibly last for a more

extended period when there are disruptions.

Disruptions in the cattle industry

The simulation results of cattle industry disruptions are shown in Fig. 2.8, in which head-
count x distance is normalized based on its value under normal conditions. The results show
that the intentional removal of cattle premises changes more sharply compared with the
random strategy. During the trade, producers randomly select from the rest of the premises
to purchase animals. Arbitrary node removal causes cattle movement in the system to be
redistributed, but the system stays relatively robust and self-adaptive. For example, when
50% of cattle premises become unavailable, headcount x distance is still around 65%. For
targeted strategies based on cattle capacity or the number of cattle ready, large producers
and entry point agents were removed first. Large cattle suppliers need more transportation
services, and once they are removed the distance cattle travel decreases quickly. Targeted
removal based on out-degree, which is the number of animals moved out of that premises in
a period, does not decrease as much as other targeted strategies after p = 10%. This appears
to be because some large-capacity producers did not sell cattle in this period and are not
removed at the beginning, so they maintain the functioning of the transportation industry

until they are removed in the end.
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Figure 2.8: Normalized product of headcount and distance of transportation industry on the
fraction of cattle premises removed in a two-week period.

Two conclusions may be drawn from these findings to help ensure truck premises’ prof-
itability and buffer against possible losses caused by dependence on the cattle industry.
Regarding disease outbreaks, more focus can be put on communicating control measures
for large cattle producers in SW KS and inspection on the regional boundary. In addition,
large-capacity producers may distribute their cattle to multiple locations to help enhance

the system robustness against targeted attacks.

2.4 Summary

In this chapter, we explicitly model both the cattle industry and transportation services as
two distinct but interdependent industries. The model generates cattle and truck movement
data among premises based on regular business operating principles and assumed conditions.
The data is fine-grained in both time and space, capturing each cattle and truck movement
with a labeled id. Due to privacy issues, cattle and truck movement data for SW KS
are only available in paper®® to the authors’ knowledge. The cattle and truck movement

data generated from the agent-based model are aggregated at the county-level, which are
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within a similar range of the county-level data in paper®

. We proceeded to evaluate the
interdependent network robustness under disaster conditions. Our results show that the
interconnected system is relatively stable against disruptions in either the beef cattle industry
or the transportation industry under random failure strategies. For targeted strategies,
packers are identified as critical elements of the truck system, since a shortage of packer
trucks was shown to inflict the worst impact on the system. In addition, truck premises,
especially those that require a larger number of vehicles, need to ensure that they take
proper measures to have access to additional trucks in case of deliberate attacks. In this
way, the negative effects of vehicle shortage on the cattle production system can be mitigated.
However, the best approach to provide additional trucks with greater diversity in physical
locations requires more investigation.

In conclusion, the interdependence between the cattle industry and the transportation
industry creates vulnerability to the system. The locations and natures of these vulnerabil-
ities need to be fully considered by system planners for making better decisions on disaster
preparedness. Due to the complexity of the cattle supply chain, the current model is a sim-
plification of reality, but it does include the most significant elements of cattle production
and transportation. In the model, the cattle birth distribution is assumed based on the
literature®”, and future data collection efforts may focus on obtaining better cattle birth

data.
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Chapter 3

Impact of truck contamination and
information sharing on

foot-and-mouth disease spreading!

3.1 Introduction

Foot-and-mouth disease (FMD) is a highly contagious infectious disease that could threaten
cloven-hoofed animals worldwide!*?. The 2001 U.K. FMD outbreak resulted in severe eco-
nomic losses totaling more than £2.8 billion and required the slaughter of approximately 6.5
million animals®. Recently, several major outbreaks have occurred in previously FMD-free
countries, including South Korea and Japan!%%1%4 Although the United States has been free
of FMD since 1929, the disease is still prevalent in approximately two-thirds of the world.
Concerns about the reintroduction of FMD into the United States have escalated due to in-
creases in international travel and trade'®®. The beef cattle industry is of great importance
to the U.S. economy, and an FMD outbreak would produce devastating economic losses as
estimated by simulation-based studies. For example, Pendell et al. '’ reported that an FMD

virus released from the National Bio and Agro-Defense Facility in Kansas could cause $16

! This chapter is a slightly modified version of our published article®®.
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billion-$140 billion in damages. Schroeder et al.”™ estimated that a hypothetical FMD out-
break in the midwestern United States could result in $56 billion-$188 billion of producer
and consumer losses.

The FMD virus can be transmitted between farms through animal movement (direct con-
tact) and via fomites such as contaminated equipment and vehicles (indirect contact)2%107:108,
Its transmission routes also include local area spread and airborne spread. While disease
transmission through the movement of infected cattle has been extensively studied in pre-

vious works26-28

, indirect contact through fomites has recently gained attention, especially
after the 2001 U.K. FMD outbreak, in which new cases occurred for several months after
early implementation of an animal movement ban®. The spread of FMD stopped only after
strict biosecurity measures targeting the movement of contaminated equipment and person-
nel were implemented!?”. This study focused on indirect contact via livestock transporters,
one of the most at-risk operator categories??°,

Only a few studies have considered truck movements to be indirect contact routes for the
spread of disease among farms. Thakur et al.''? developed a farm-level model to simulate the
spread of porcine reproductive and respiratory syndrome virus through animal movement
and truck sharing. Their results of using static links between farms highlighted the signif-
icant role indirect contact played in spreading the discase. Wiltshire!'! developed a model
to heuristically generate a dynamic hog production system while accounting for truck con-
tamination, demonstrating that producer specialization can increase system vulnerability to
disease outbreaks. Bernini et al.® developed a two-layer temporal network to model disease
transmission through cattle exchanges and transportation and compared epidemic size under
full or partial knowledge of daily truck itineraries. Their work concluded that an accurate
description of indirect contact is essential for precise prediction of epidemic spreading dy-
namics. However, no previous studies have included trucks as independent epidemiological
units, as is emphasized in this research.

Simulation models have been widely used to mimic FMD transmission among farms and

analyze various control strategies. Bate et al.'% simulated FMD transmission in a three-

county area in California, demonstrating the effectiveness of preemptive culling of highest-
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risk herds and ring vaccination. This model was widely used and later adapted to analyze
FMD mitigation strategies in other countries, including Sweden!'? and Denmark!'%7. Other
stochastic, state-transition simulation models included the NAADSM '3, AusSpread ''*, In-
terSpreadPlus''®, and AADIS!!¢, which involve multiple animal species and pathways for
disease spreading. However, these herd-level models rely on accurate estimates of the contact
frequency and distance distribution between livestock operations and do not consider actual
contact sequences that occur between farms®. In addition, the number of animals is often
assumed to be constant over time in each herd in these models.

Suggested animal movement traceability systems in the United States have faced opposi-
tion from beef producer organizations due to privacy issues, resulting in contact rates used for
most FMD simulation models being based on expert opinions and questionnaires. Though
the inspection at slaughterhouses is the most effective surveillance component for early epi-
demic detection®?, most FMD simulation models are built without including slaughterhouses.
In addition, they are often based on static networks and ignore the system’s time-varying
structure, which is crucial for simulating the dynamics of highly contagious diseases®!. In
this study, the structures of both cattle movement and truck movement networks vary over
time based on cattle trading among farms. Recent work has focused increasingly on tem-
poral network measures, showing that possible outbreak sizes may be overestimated in a
static view of the network??. Sterchi et al.''” concluded that information about transport
sequences could change the contact network topology and that consideration of truck shar-
ing and contamination could increase network connectivity and individual connectedness of
farms. Liu et al.?’ built a spatially explicit cattle-level agent-based model for two counties
in Kansas, in which producers made decisions on cattle trade based on cattle weights and
market conditions. Their work emphasized the influence of trading dynamics on the disease
transmission through cattle movement.

Traceability programs, however, have become common in the global beef market, and lack
of such programs may decrease export markets for the U.S. beef industry'*®. For example,

if 25% of beef products became unacceptable in international trade, then the U.S. economy

would experience an estimated $6.65 billion loss!'. An improved information infrastructure
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with traceability systems would yield many benefits, including targeted and timely product
recalls after a foodborne illness outbreak and increased brand value for products due to
quality assurance. Several pilot projects have recently developed and tested purpose-built
cattle disease traceability infrastructures. In these projects, cattle movement information is
uploaded to a secure third-party database through radio frequency identification tags or sim-
ilar devices. Since the acceptance of such traceability programs depends on the trust among
stakeholders, these pilot programs have focused on persuading operators to participate. New

d 1207123 are expected to

technologies such as Blockchain, which has been increasingly studie
build trust among food partners, promote livestock traceability, and enhance food safety.
In response to potential FMD outbreaks, governmental agencies in the United States
have designed control measures and preparedness plans. According to the U.S. Department
of Agriculture, the depopulation of clinically affected and in-contact susceptible animals
(stamping-out) is typically applied with other emergency vaccination strategies depending

on the circumstances and epidemic sizes of FMD outbreaks!?*.

In Kansas, for example,
the Kansas Animal Health Commissioner would issue a state-wide stop movement order to
all animal and related product movement if an FMD case occurred in North America. This
movement restriction would remain in effect until the situation was deemed safe for the Kanas
livestock industry, and producers would have to provide documents such as normal health
status for animals on the production site for the previous 14 days to request a movement
permit from the Kansas Department of Agriculture!?.

In this chapter, we aims to ezamine the potential impact of truck contamination and
information sharing for FMD wvirus transmission in the beef cattle production system in
southwest Kansas (SW KS), United States. We simulate a hypothetical FMD transmission
through cattle movement and truck movement with major expansions relative to the model®®,
including state transition models embedded in cattle agent, truck agent, producer agent, and
packer agent. In order to enable information-sharing functionality, each producer/packer
agent stores time-stamped trade information and can inform their trade partners during an

outbreak. Scenario analysis is conducted to evaluate the effect of various control strategies on

the spread of the epidemic, and sensitivity analysis is implemented to examine the outcomes
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affected by different input parameters.

3.2 Model

In this section, we describe the agent-based model developed for the simulations and the

design for scenario analysis and sensitivity analysis.

3.2.1 Model description

In this work, an agent-based, stochastic, cattle-level simulation model is developed in Any-
Logic software based on the agent-based model developed in Chapter 2. Agent functionalities
are altered to enable FMD transmission through both direct and indirect contact routes and

information-sharing functionality.

Model structure

The model simulates the behaviors of the interdependent beef cattle production and trans-
portation systems in SW KS, which can be regarded as dynamic cattle movement and truck
movement networks. The model structure is shown in Figure 3.1.

As shown in Fig 3.1, the main agent builds the environment in which other agents live.
All premises are located based on their latitude and longitude, and trucks move cattle on
the roads within the GIS map. Producer agents play the role of cow-calf ranches, stockers,
and feedlots. In ranches, cows produce a new generation of calves that are fed until around
450 pounds, and will be sold directly or via auction markets to stockers. At approximately
650 pounds, cattle raised in stocker operations will be sold directly or via auction markets
to feedlots. Once heifers and steers in feedlots achieve 1250 pounds and 1350 pounds respec-
tively, they will be moved to the final meat-processing facilities, the packers. Please note that
slaughterhouses are also called packers in U.S. beef production systems, and these two terms
are used interchangeably in this paper. When producers from inside SW KS request cattle

from the outside, cattle coming from outside SW KS are generated at entry point agents,
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Figure 3.1: Structure of the agent-based epidemic model.

which are located on the major highways into and out of SW KS. Trucks are dispatched by
their owner to transport cattle among premises following the amounts specified in the order
agents, which are set up during the cattle trade process.

The parameters used for simulation are presented in Table 3.1.

Epidemic initialization

All the cattle in the system are in the susceptible state before the epidemic is initialized.
For each simulation run, one randomly selected animal from outside SW KS will enter the
infectious state on the 9th day at midnight, and will be brought to a stocker inside the region
on the 10th day. If there are no cattle at the border at this time, the simulation will stop
and start the next simulation run. In different simulation runs, the recipient stocker of the

first infectious animal will be different due to the stochasticity of the model.
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Table 3.1: Parameters used for simulating the FMD spread

Parameters

Value

References

Probability of transmission when an infected cattle
agent contacts a susceptible cattle agent

0.95

Boklund et al.197

distribution]

Length of the cattle latent period (days) [Pert distri- | Pert(1.2, 1.2, 2.4) | Yadav et al.'2¢
bution]
Length of the cattle infectious period (days) [Normal | Normal(11.4, 1.1) | Yadav et al.!2¢

Total time from infection to starting control measures
for the first infected FMD case [Triangular distribu-
tion]

8.6;6.0 <

Walz et al. 127

Total time from infection to starting control measures
for subsequent FMD cases [Triangular distribution]

=
I
&

RS
W
ot
AN

Walz et al. 127

The contamination period h for a truck or a load-
ing/unloading area of premises (days)

Rossi et al. 128

Length of the packer infection period (days) [triangu-
lar distribution]

Wiltshire et al. 111

information sharing process (days)

Probability that truck will be contaminated upon vis- | 0.15 Wiltshire et al. !
iting an infected producer/packer

Probability that contaminated truck will infect the | 0.15 Wiltshire et al. 1!
subsequent producer/packer it will visit

Probability that infected cattle will contaminate | 0.75 Wiltshire et al. !
packer/producer receiving area

Number of days to trace back and forward during the | 14 Assumed

Spread of the disease

In this section, we describe major functions added to the base model to enable FMD trans-

mission.

(1) Cattle agent

Each cattle agent is associated with a Susceptible-Exposed-Infectious-Removed compart-
ment model. Compared to the cattle in the infectious state, cattle agents in the exposed
state have been infected by the FMD disease, but are not contagious yet. Animals in the
removed state have been infected before, and become dead or immune, or are culled by the

producers. More specifically, in contact with an animal in the infectious state, a suscepti-

ble cattle agent has a 95% chance to become infected and transition to the exposed state.

After a latent period, the cattle agent will transition to the infectious state during which
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it contacts and infects other cattle of the same premises. Then, the cattle agent enters the
removed state after an infectious period.

Considering computational efficiency, we use a scaling factor of 10 to change all the
parameters related to the number of cattle, e.g., truck capacity and cattle capacity of each
producer, such that one cattle agent represents ten cattle. We assume that each cattle agent
contacts, on average, 20 cattle agents in a day. 20 cattle agents correspond to 200 cattle due
to the scaling factor, indicating the approximate number of cattle in a group. Accordingly,
during the infectious state, each cattle agent can infect on average 20 x 0.95 cattle agents per
day, where 0.95 is the probability of transmission when infected cattle contact susceptible
cattle.

(2) Producer agent

When an infectious cattle agent occurs in the producer agent, the producer will transition
from the susceptible state to the infected state (c_infected = true). If there is no control strat-
egy implemented on the producer premises level, the infected producers will not transition
to the under-control state. Otherwise, the producer agent will enter the under-control state
after a total time from infection to starting control measures. As the producer agent enters
the under-control state, all its cattle will transition to the removed state, simulating that
the producer depopulates its cattle. In addition, various control strategies are implemented,
and more details will be described in the scenario analysis section.

When all infected cattle of an infected producer enter the removed state, the c_infected
variable is set to be false. On the other hand, when a producer becomes infected by fomite,
the variable f infected becomes true and will last for 14 days (the contamination period h in
Table 3.1).

(3) Packer agent

Once a cattle agent in the infectious state arrives at the packer, the packer agent will
transition to the infected state (c_infected=true), and after a packer infection period T, the
packer goes to the under-control state, in which the packer stops requesting and transporting
cattle from other producers to its location. To be more realistic, we assume that more

infectious cattle arriving at the packer will speed up FMD detection. For example, if there
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are infectious cattle coming in on day d; and day ds, the model will generate two numbers,
ct and ct’, respectively, according to the distribution with a mean of 5 days in Table 3.1. The
smaller value between ct’ and ¢t will be assigned as the contamination period T, as shown
in Fig 3.1. On the other hand, once the packer is infected by fomite, its cattle receiving area
will remain contaminated (f-infected = true) for 14 days based on the contamination period
h.

(4) Truck agent

Following a clean-infected-clean cycle, trucks move to the origin premises to pick up
cattle and then move the animals to the destination premises to unload. With direct contact

OM%128 when at least one infectious cattle agent is moved and

infection probability set as 1
received at the destination premises, the destination becomes infected with c_infected set
as true. For indirect contact, trucks may become contaminated by visiting fomite-infected
premises, and then remain contaminated for a contamination period h, during which time
the infection may spread to other premises.

More specifically, when the truck arrives at the origin premises, if there are infectious
cattle loaded to the truck at the origin premises, then there is a 75% probability that the
receiving area of the origin producer will become infected via fomite (f_infected = true).
If the origin producer is fomite-infected and the truck is not contaminated, the truck may
become contaminated with a 15% probability; however, if the truck is contaminated and the
origin producer is not fomite-infected (finfected = false), the truck will cause the producer
to become fomite-infected with a 15% probability.

When the truck arrives at the destination premises, if there are infectious cattle unloaded,
there is a 75% probability that the destination premises will become fomite-infected. Mean-
while, if the destination is fomite-infected and the truck is clean, there is a 15% probability
that the truck may become contaminated. However, if the truck is infected and the destina-
tion is not fomite-infected, the truck may cause the destination to become fomite-infected.

Note that at the time the origin or destination producer becomes fomite-infected, we will

randomly select one cattle agent from the premises to become infected.
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3.2.2 Scenario analysis

In this section, ten different scenarios are constructed based on three attributes: (1) the
two FMD virus transmission routes, namely by direct contact only or by both direct and
indirect contact; (2) the implementation of movement bans; and (3) the involvement of
information infrastructure. The combination of these factors is described in Table 3.2, and
all the parameters follow the values described in Table 3.1 in the scenario analysis. Five
hundred iterations of each scenario are run to generate a distribution of the outcomes. A
200-day simulation duration is selected such that all producers already reach the steady-state

in the end regarding disease transmission, i.e., no new infections occur.

Table 3.2: Description of the scenarios

Scenario num- | Spread Spread Movement| Information | Information | Movement
ber and name | by direct | by in- | ban on | infras- infras- ban in
contact direct infected tructure tructure the whole
contact produc- enabled on | enabled on | region
ers producers packers
1 DI Yes No No No No No
2 DI_.B Yes No Yes No No No
3 DI.B_P Yes No Yes Yes No No
4 DI_.B_PP Yes No Yes Yes Yes No
5 DI_.RB Yes No No No No Yes
6 D&IN Yes Yes No No No No
7 D&IN_B Yes Yes Yes No No No
8 D&IN_B_P Yes Yes Yes Yes No No
9 D&IN_B_PP | Yes Yes Yes Yes Yes No
10 D&IN_RB | Yes Yes Yes No No Yes

DI: direct contact only, D&IN: direct and indirect contact, B: movement ban on infected
producers, P: information infrastructure on producers, PP: information infrastructure on both
producers and packers. RB: region-wide movement ban.

In scenarios 1 and 6, there is no control strategy implemented on the producer premises
level. In all the other scenarios, once a producer/packer is in the under-control state, it will
be under movement restrictions. Here we assume that any movement ban was effective with
100% compliance, meaning that all movements to and from the producer/packer would stop,

once the movement ban is enacted. Therefore, both direct and indirect contacts related to
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these premises are stopped, since trucks will no longer move cattle to or from these premises.
To enable information-sharing functionality, each producer/packer agent stores time-stamped
trade information with its trade partners. During outbreaks, the producer/packer agent can
trace back and forward its trade record in the past 14 days to inform their trade partners
about its infection by disease. This time-interval of 14 days will be referred as the number

of days to trace back and forward in the sensitivity analysis section.

e For scenarios with a movement ban on infected producers, or called producer isolation
(scenarios 2 and 7), a movement ban will be introduced to the infected producer once

the producer is in the under-control state.

e For scenarios with a region-wide movement ban (scenarios 5 and 10), the movement
ban will be enacted for all the producers and packers inside the region as long as there

is one infected producer in the under-control state.

e For scenarios with information-sharing functionality enabled only on producers and
not on packers (scenarios 3 and 8), the producer in the under-control state will notify
those producers with which it has traded in the past 14 days (both its suppliers and
customers). Once those producers receive notification from the information sender,

they will go to the under-control state and notify their trading partners as well.

e For scenarios that information-sharing functionality is enabled on both producers and
packers (scenarios 4 and 9), the producer will notify both producers and packers with
which it has traded in the past 14 days. In addition, once an infected packer enters
the under-control state, it will immediately notify its trade partner producers. On
the other hand, if a producer in the under-control state notifies a packer not in the
under-control state that it has the potential to be infected, the packer will also go to

the under-control state.
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3.2.3 Sensitivity analysis

To evaluate how changes in parameters can impact the simulation results, we perform sensi-
tivity analyses for different scenarios by creating variations in a single input parameter while
keeping other simulation settings unchanged. First, sensitivity analyses of the number of
days to trace back and forward during the information-sharing process are conducted under
scenarios D&IN_B_PP (information infrastructure enabled on producers and packers) and
D&IN B P (information infrastructure enabled on only producers). The number of days
to trace back and forward is selected for sensitivity analyses, as it is assumed as 14 days
based on expert opinion, and it is likely to influence the epidemic control effectiveness dur-
ing the information-sharing process. Second, parameters related to indirect contact routes:
(a) indirect contact transmission probability, and (b) contamination period h for a truck
or a loading/unloading area of premises are altered, and their impact on the number of in-
fected producers are evaluated under scenario D&IN _B. In this work, we set indirect contact

105 assume distributions for the high-risk

transmission probability as 0.15'!!, but Bate et al.
and low-risk indirect contact probability as BetaPert(0.1, 0.5, 0.9) and BetaPert(0.05, 0.175,
0.35), respectively. Accordingly, we compare the number of infected producers under differ-
ent values of the indirect contact transmission probability, varying from 0.05 to 0.5 with an
interval of 0.05. In addition, we conduct sensitivity analyses on the contamination period h,

ranging from 1 day to 22 days with an interval of 3 days. For all variations, 500 iterations

of each scenario are simulated for 200 days.

3.3 Results

3.3.1 Scenario analysis

Fig. 3.2 shows the distributions of numbers of infected producers and cattle agents removed
for the ten scenarios. Overall, the epidemic size is smaller for scenarios that model only direct
contact (scenarios 1-5) when compared to equivalent scenarios that incorporate both direct

and indirect contact (scenarios 6-10). For example, the median number of infected producers
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changes from 12 in scenario 1 (direct contact only) to 86 in scenario 6 (direct and indirect
contact). Findings indicate that including indirect contact through truck contamination has
a considerable impact on the FMD spread among producers. Since contaminated trucks
can travel to multiple places, truck contamination can aggravate the disease spread between
those who do not have direct contact (animal movement in between), thereby enlarging the

scale of epidemic spreading.
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Figure 3.2: Distributions of numbers of infected producers and cattle agents removed.

More specifically, for scenarios 1-5, scenarios 2-5 result in a smaller and similar epidemic
size compared to scenario 1 (no premises-level control strategies implemented). For scenar-
ios 6-10, scenario 6 (no premises-level control strategies implemented) results in the largest
epidemic size, followed by scenario 7 (producer isolation), and then scenario 8 (information
infrastructure enabled on producers), while scenarios 9 (information infrastructure enabled
on producers and packers) and 10 (regional movement ban) result in the smallest and similar
epidemic sizes. There is a slight difference in terms of the median size between scenarios 6
and 7, indicating that merely implementing movement bans on infected producers cannot
effectively contain the epidemic when indirect contact is considered. Information sharing
can significantly reduce the epidemic size, compared to scenario 6. Particularly, the number
of infected producers is larger in scenario 8 is with median 19 and interquartile range 12-26,

compared with scenarios 9 and 10 in Fig. 3.2(a). This is because information-sharing func-
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tionality is not enabled on packers in scenario 8, and these infected packers can spread the
infection by their contaminated trucks to other producers in some simulation runs.

As additional information for the epidemic dynamics, Figs. 3.3-3.4 show the numbers of
cattle agents in each compartment and newly infected producers over time for scenarios 2,
7 and 8-9. In Fig. 3.3, both the epidemic size and epidemic duration is larger in scenario 7
compared with scenario 2, indicating that truck contamination can aggravate the spread of
epidemics. Comparing Fig. 3.4 with Fig. 3.3, it is shown that the addition of information-
sharing functionality reduces the number of cattle agents removed during the outbreak.
Particularly, there is a larger variance in terms of new infected producers in scenario 8
compared to scenario 9, indicating that the system is more robust when information-sharing

functionality is enabled in both producers and packers.
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represent the number of new infected producers in different runs. Five hundred iterations of
each scenario are simulated for 200 days.
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In the cattle supply chain, cattle flows are essentially driven by the normal operation
of packers to meet steady demand, so the total number of cattle in the system during the
simulation period is strongly affected by the packers’ operation time. With infected cattle
coming in, the packer will go to the under-control state after a infection period, and then will
stop receiving cattle from feedlots both inside and outside the region. As a result, feedlots
will stop requesting cattle from other premises, which will impact the number of cattle stocker
operations will request. Therefore, the system’s cattle flow quickly stops once packers are
in the under-control state, affecting the total number of cattle agents in the system. As the
producers and packers gain revenues by marketing their cattle or cattle-related products, the
total number of cattle agents in the system, which include the cattle that are marketed and

being prepared to be marketed, can be seen as a measure for the economic impact of the
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control strategies on the cattle industry. In each simulation run, we calculate the total packer
operating time by summing the four packers’ operating time during the 200-day simulation
period. Distributions of the total number of cattle agents that exist in the system and total

packer operating time are shown in Fig. 3.5.
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Figure 3.5: Distributions of the total number of cattle agents and total packer operating
time.

In Fig 3.5, scenarios 3 results in the largest median number of cattle agents (Fig 3.5(a))
and packer operating time (Fig. 3.5(b)), followed by scenario 2 (producer isolation), and all
the other scenarios are with a similar value. In scenario 3 (information-sharing functional-
ity enabled only on producers), the infected producers and their trading partner producers
become isolated in the system quickly, but the packers can continue to request cattle from
other uninfected producers, thereby sustaining regular operations for a longer time. Com-
pared with scenario 1 (no farm-level control strategies implemented), the median number
of cattle agents of scenario 2 is larger because producer isolation is already effective to con-
tain the epidemic, resulting in less infected packers and an increased packer operation time.
However, the infected producers will be in the under-control state more quickly in scenario
3 with information-sharing among producers, so packers can sustain regular operations for
a longer time, and the median number of cattle agents in scenario 3 is higher compared to
scenario 2.

When information sharing is enabled for both producers and packers (scenarios 4 and 9),
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once infected feedlots occur, the four packers are much more likely to have traded with these
producers and will quickly transition to the under-control state, resulting in a lower number
of cattle agents over the system. Though information-sharing on all premises and region-
wide movement ban (scenarios 4-5, 9-10) are both very effective regarding the epidemic
containment, these two relatively protective strategies have a greater economic impact with
a higher loss in cattle. It indicates that determining the appropriate control strategy is
a tradeoff between multiple factors, including the economic effect and effectiveness of the
epidemic control. Based on these simulations, placing control measures on packers has a large
impact on the business discontinuity to the system based on decreased packer operating time
and number of cattle agents. These control decisions need to be based on additional criteria
not considered in the current setting, where a packer comes under control only because one

of its trading partners is under control.

3.3.2 Sensitivity analysis

The number of days to trace back and forward during the information-sharing

process

The distribution of the number of infected producers under scenarios D&IN_B_P (information
infrastructure enabled on producers) and D&IN_B_PP (information infrastructure enabled
on producers and packers) is shown in Fig 3.6. The modeled outcomes are sensitive to the
variation in the number of days to trace back and forward. For instance, a decrease from 14
days to 1 day in scenario D&IN_B_P (scenario 8) results in an increase of 2.47 times in the
median number of infected producers. A small number of days to trace back and forward
is not enough to contain the epidemic, but a larger value can lead to more premises in the
under-control state, resulting in a larger economic impact. This implies that the number of
days to trace back and forward is an important parameter during the information-sharing
process and should be paid much attention in practice. Besides, the variation regarding
the epidemic size in scenario D&IN_B_PP (scenario 9) is smaller than scenario D&IN_B_P,

indicating that it is necessary to include the critical component packers into the information-

48



sharing infrastructure.
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Figure 3.6: The sensitivity of the number of days to trace back and forward during infor-
mation sharing .

Indirect transmission probability and contamination period A

The indirect transmission probability used in the scenario analysis equals 0.15, referring
to the probability that a truck will become contaminated upon visiting an infected pro-
ducer/packer, and the probability that a contaminated truck will infect the subsequent pro-
ducer/packer. Results in Fig. 3.7 are both sensitive to the indirect contact transmission
probability and the contamination period h for scenario D&IN_B (producer isolation). For
example, an increase of indirect transmission probability from 0.15 to 0.2, the median num-
ber of infected producers changes from 72 to 97. The results suggest that a more accurate
estimation of these parameters related to indirect contact routes are critical to epidemic
modeling. Since these two parameters are closely tied to the biosecurity status of cattle
premises, these premises should be vigilant and follow guidelines for proper cleaning and dis-
infection of vehicles and cattle loading/unloading areas, such to limit the impact of indirect

contacts on disease spread between premises.
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Figure 3.7: The sensitivity of indirect transmission probability and contamination period
under scenario D&IN_B.

3.4 Comparison with previous FMD models

The model developed in chapter makes several advances over previous epidemic models on the
spread of FMD virus. Many epidemiological studies consider only direct contacts?™3!. Ex-
isting models such as the North American Animal Disease Spread Model''® and InterSpread
Plus''® include the indirect contact transmission route, but do not consider the sequence
of contacts occurring between farms. In this work, cattle are transported by trucks based
on premises locations and regular business operating principles, which can be regarded as
temporal cattle and truck movement networks. More specifically, the number of connections
between pairs of farms and the strength of each connection varies over time, as each trans-
action between farms involves various cattle order volumes and each truck can transport a
variable number of animals. What’s more, these models take each farm as an epidemiolog-
ical unit and ignore the modeling of disease spread within a farm. In contrast, each cattle
agent follows its Susceptible-Exposed-Infectious-Removed compartment and is with hetero-
geneous parameters such as weight and gender in our model. The Australian Animal Disease
model % predicts the fraction of animals in each state of each herd, but the number of ani-
mals in each herd is constant over time, whereas ours changes according to the cattle trade
information. In addition, these FMD simulation models only include producers, whereas our

work includes also packers, which are sinks for cattle transported through the production
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1.129 simulate

system and behave as hubs that can facilitate disease spreading. Natale et a
a hypothetical outbreak in dairy production systems, including slaughter plants, but they
only include direct contact through cattle movement, whereas ours simulates indirect contact

routes resulting from loading/unloading areas of premises, and trucks transporting cattle.

3.5 Summary

This study examines the potential impact of truck contamination and information sharing
on epidemic dynamics, with a particular focus on indirect contacts due to cattle movements.
Our simulation results reveal that including the truck movement (indirect contact) can sig-
nificantly exacerbate the disease spread in the system, compared with equivalent scenarios
that only consider animal movement (direct contact). For example, the median [interquartile
range] number of infected producers is 7 [5-10] vs. 72 [62-82] in scenarios DI_B (direct con-
tact only) and D&IN_B (direct and indirect contact) respectively. This finding is consistent
with recent studies!!%128130 wwhich all highlighted the substantial effect of indirect contacts
on the ability of farms to potentially spread diseases. Focusing on dairy farms, Rossi et
al.®® applied network analysis techniques and showed that indirect contacts through on-farm
visits by veterinarians produced a more connected network compared to direct contact only.
Considering the sharing of vehicles for shipment of swine, Thakur et al.''® concluded that
indirect contact significantly played a role in further spreading the infection, which is not
directly connected regardless of the types of network structures.

Different from prior works, the findings provided in this study add new insights to the
works related to the supply chain with a focus on sharing information during epidemics.
Our simulation results showed that including information-sharing functionality on producers
and packers can dramatically reduce the epidemic size; for instance, the median number of
infected producers in scenario D&IN_B (producer isolation) reduces by 90.28% in scenario
D&IN_B_PP (information infrastructure enabled on producers and packers). Policymakers
may focus more on promoting the development of new mitigation strategies informed by

information sharing based on novel cyber-infrastructure for rapid detection and containment.
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Particularly, the number of days to trace back and forward during information sharing has
a significant influence on the simulation outcome and is worth further studying considering
the economic impacts of the related mitigation strategies. These findings supported previous
theoretical studies that showed the effectiveness of information awareness or information
diffusion in suppressing disease spreading using multilayer networks '3!3, In these studies,
individuals become alerted and adopt preventive measures when sensing the infection in their

neighbors.
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Chapter 4

Impact of human behavior on animal

disease spreading

4.1 Introduction

As livestock production has suffered substantial losses from many prior unexpected events
such as foot-and-mouth disease (FMD) outbreaks and swine fever in the past, the number
of sophisticated models developed for livestock diseases has surged. However, many of these
epidemiological frameworks did not model human behavioral changes during epidemics®. A
proper understanding of animal disease dynamics depends not only on accurate epidemio-
logical parameter estimates and an appropriate underlying movement network, but also on
the disease-related human behavior factors. Not accounting for human behavioral changes
in epidemiological models could lead to a substantial bias. Thus, exploring the potential
impact of behavioral changes on disease epidemics is vital to shedding light on future disease
management 135136,

Several projects have applied multiplex networks to study the interplay between human

131;133;137:138 * The substantial influence of human be-

behavior factors and epidemic dynamics
havior factors such as risk attitudes has drawn scholars’ attention during the current global

pandemic. Studies have found that more risk-averse attitudes were related to a dramatic
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decline in human mobility and were significantly related to adherence to the recommended

behaviors 13%140,

In the context of livestock production, biosecurity is referred to as im-
plementing control measures to decrease the chance of animal disease spreading®. Several
studies have analyzed the factors that are likely to influence farmers’ willingness to comply
with biosecurity protocols, and examples of such factors include knowledge of disease preva-
lence, farmers’ risk perception, and disease experience of neighboring farmers®* 3. Mendes et
al.3” emphasized the importance of controlling chronic livestock disease considering farmers’

1. 141 jllustrated how farmers’ strategic be-

different responses to the perceived risk. Tago et a.
havior can considerably reduce the efficacy of movement restriction policy for disease spread
in a French cattle trade network.

This chapter aims at investigating how human behavioral changes around biosecurity
could affect disease transmission dynamics in livestock production systems. We will apply an
agent-based modeling (ABM) approach, which allows simulating interactions among hetero-
geneous individuals in complex systems. As a bottom-up approach, ABM has been widely
applied to diverse areas, including economics, agriculture, transportation, and healthcare 4.
Abdulkareem et al.'*3, for example, used an agent-based approach to compare the effects of
individual and group learning on the decision-making process regarding risk appraisal and
protective decisions. Their results showed that behavioral changes could lead to different epi-
demic durations and sizes. Bucini et al.'** found that shifting 37.5% of the producer agents
toward a risk-averse position could result in a significantly sharp decrease in the epidemic
size of the porcine epidemic diarrhea virus. Sok and Fischer '** modeled farmers’ vaccination
decisions over bluetongue disease, taking risk perception and social pressure into account.
Their results suggested that a risk communication strategy has an advantage over financial
compensation in increasing vaccination uptake. To the best of the authors’ knowledge, few
works have examined human behavioral changes on animal disease transmission. This work
adds a new element to this domain with a focus on the following perspectives: (i) random
or targeted selection in risk communication audiences, and (ii) initial biosecurity status.

We will model beef cattle production systems in southwest Kansas, the United States,

as a case study and examine the impact of human behavior factors on a hypothetical FMD
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spreading. FMD could spread so quickly through cattle herds that a delay of even a few days
would be devastating, resulting in losses in both animals and export markets. The modeled
beef cattle production chain spans from cow-calf ranches to stockers, to feedlots, to packers.
We consider disease spreading through direct and indirect contact routes, i.e., movement of
infected animals and contaminated fomites. In addition, the model associates risk attitude
categories to individuals, including producer agents, packer agents, and fleet companies,
and takes the biosecurity level as an indicator to reflect human behavioral change during
epidemics. We assume that individuals in the risk-averse category are likely to increase their
biosecurity levels more promptly when facing a rise in the regional disease incidence than
those with risk-tolerant attitudes. Here, biosecurity level indicates individual’s compliance
to biosecurity protocols, which are designed to reduce the risks of introducing disease agents
to the premises. For example, a producer with a high biosecurity level will strictly follow
the cleaning and disinfection guidelines of vehicles.

Resources for risk communication can be limited; for example, lack of employees may
exist during the crisis. Therefore, it is necessary to design an effective risk communication
strategy to protect livestock production. In scenario analyses, we change the percentage of
producers in the risk-tolerant category in the total producer population under both random
and targeted selection strategies. In the random strategy, producers are randomly selected
as risk-averse or risk-tolerant. In the targeted strategy, producers are selected as risk-averse
in descending order of their cattle capacity and the rest are assigned as risk-tolerant. In
other words, risk communication resources will be allocated to large producers first, given
the limited resources. In addition, we explore the impact of individuals’ initial biosecurity
levels on the epidemic dynamics. The outcomes are expected to deepen our understanding of
the link between disease transmission dynamics and human behavioral changes, and improve
disease management in livestock production, from on-farm management to the transportation

of animals.
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4.2 Model

In this section, we present details about the agent-based model added with the human

behavior component.

4.2.1 Model description

The model was built on top of the agent-based model developed in Chapters 2-3. The added
features integrated the human behavioral changes around biosecurity with the epidemic

spreading process. The model structure is shown in Fig 4.1.

Cattle production and transportation

= (Cattle movement
Ranch | __ Stocker _— Feedlot ——-p| Packer
“=== Truck movement

Disease spreading Human decision making
PR » producer/packer/fleet company
[ Cattle agent infected ]—v[ S ElEERC Ce ] Is txuck_
selected to be moved? contaminated?
Assign risk attitude category
Infect other animals at g !
same location g Is loading/unloading Set up initial biosecurity level
% area contaminated? based on distribution
12
5= A
ontas
( Show clinical sign 8 et o
Each week, make decisions to

Number of infected | > | increase biosecurity level or not

[ Between-farm spread ]

- dl in th i
[ T producers in the region
movement restriction Indirect contact probability :
i oy [ Calculate and update disease
Comp. iance probab ity < |_related parameters
[ Stop truck and cattle ] Contamination period
movement Loading/unloading area contamination probability

Figure 4.1: Structure of the agent-based model added with human behavior factors.

The model explicitly simulates business operations of the beef cattle industry and the
associated transportation services on a GIS map. For a hypothetical FMD outbreak, we
simulate disease transmission through the movement of infected cattle (direct contact) and
the movement of contaminated fomites (indirect contact). Each cattle agent may transition
among states of susceptible, exposed, infectious, and removed. Each truck follows a clean-

infected-clean cycle and may become contaminated by visiting a fomite-infected location on
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its route. Contaminated trucks may further spread the infection to subsequent locations
visited. A producer agent will transition to the infected state once it has infectious cattle.
Then, after a total time from infection to starting control measures, the producer agent will
depopulate all its cattle and follow movement restrictions. The producer agent includes three
categories, namely ranches, stockers, and feedlots. For the sake of computational efficiency,
a scaling factor of 15 is used for parameters related to the number of cattle such that one
cattle agent represents fifteen physical animals. Information about the study population and

parameters is shown in Table 4.1.

Table 4.1: Model parameters

Parameters Value References
Probability of transmission when an infected cattle agent | 0.95 Boklund et al.'Y7
contacts a susceptible cattle agent

Length of cattle latent period (days) [Pert distribution] Pert(1.2, 1.2, 2.4) | Yadav et al.!20

Length of cattle infectious period (days) [Normal distribu- | Normal(11.4, 1.1) | Yadav et al.!?
tion]

Total time from infection to beginning control measures for = 8.6; 6.0 < | Walz et al.'?"

1
the first FMD case (days)[Triangular distribution] x <128
Total time from infection to beginning control measures for | © = 6.6; 4.5 < | Walz et al.'?7
subsequent FMD cases [Triangular distribution] x <10.5
Contamination period Hp,e for a truck or a load- | 14 Rossi et al. 128

ing/unloading area of premises (days)

Length of packer infection period (days) [Triangular distri- | g = 5;0 <z < 10 | Wiltshire!!!
bution]

Indirect transmission probability Pj,q pase 0.35 Bucini et al.'*

Probability  that infected cattle will contaminate | 0.75 Wiltshire !
packer /producer receiving area P, 1 oad_base

Probability to comply with movement restrictions P pgse | 1.0 Assumed

4.2.2 The human decision-making process

In the model, we incorporate the feature of risk attitude into each individual to influence its
decision to increase biosecurity level, thereby indirectly affecting the disease transmission in
the system. Here we assume that the biosecurity level will never decrease during the disease

outbreaks, similar to Bucini et al.'**. We consider two risk attitude categories, namely risk-
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averse and risk-tolerant, which will influence individuals’ compliance with the biosecurity
protocols.

As shown in Fig 4.1, each individual 7 is associated with variables of risk attitude cat-
egory Att' and biosecurity level bs!. First, we initialize the value of Att’ for individual 4,
which will remain unchanged during the simulation. Then, for each type of the agent popu-
lation (producer/packer/fleet agent), we set the initial biosecurity level (bs; ) for individual
i according to the assumed distributions. The biosecurity level bs! will change over time.

Each week, individual ¢ makes a decision on whether to increase its biosecurity level

based on equation 4.1 according to Bucini et al.'#4.

bs; = bs;_, + Abs - (Att', N1,) (4.1)

The biosecurity increase Abs is a constant positive value and is assumed to be 2.5; bs!

. 07 ]"f S > Pinc’l’ease
is assumed to range between [0, 8]; and 1) (Attl, N[t) = ,s€U(0,1).

17 lf S < -Pincrease

Pcrease 18 the probability of increasing biosecurity level and is calculated by equation 4.2.

1
Ijincrease = 1+ em(NI;—rIo) (42)
N1, equals the number of infected producers in southwest Kansas at time ¢; m = —0.95
and rly = 0.18 for a risk-averse category; and m = —0.8 and rIy = 16 for a risk-tolerant

category. The relationship between Pj,creqse and NI, is presented in Fig. 4.2. It shows
how the increase in biosecurity level bs! is influenced by the regional disease prevalence and
an individual’s risk attitude. As the number of infected producers increases, risk-averse
individuals may be more prompt to make changes in the biosecurity practices than the
risk-tolerant ones.

The model uses the biosecurity level bs! in logistic functions (equation 4.3) to calculate
the human-behavior related disease parameters, including indirect transmission probability

P!

! 45 the contamination period H*, compliance probability with movement restrictions P

mr?
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Figure 4.2: Probability to increase biosecurity as a function of the number of infected farms
driven by risk attitude.

and the probability that infected cattle will contaminate the packer/producer receiving area

P

! Loaq- 1D equation 4.3, bsy = 4.0 and m = 1.3 according to Bucini et al.'*. Values of

Pind,basey Hba8€7 thbas@; PinLoad,base are set aCCOI"dng to Table 4.1.

(
1

1+6m(bs%—bso)

H' = H, ase+
b 1+em(bs%—bso) (43)

Pilnd - Pind,base

P, = —
mr mr_base e (bs% 7bso)

i _ D 1
PinLoad - Panoad,base m(bsi—bm)
\ 1+e t

From equation 4.3, a high biosecurity level will result in a low infection likelihood, indi-
cating the high effectiveness of biosecurity measures. For example, vehicles can be cleaned
and disinfected more frequently between subsequent shipments, leading to a shorter con-
tamination period H®. FMD outbreaks would lead to movement restrictions in the region.
Individuals of higher biosecurity level will stop all movement of animals and vehicles with a
higher compliance probability P! . Producers can invest facilities and equipment for washing
and disinfecting vehicles entering the managed premises, which may lead to a smaller value

of P} ,. Cattle loading/unloading areas should be kept clean, suggesting a lower P} ; ..
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4.2.3 Scenario analysis

During initialization, n percentage of the packer/fleet population are randomly selected as
risk-averse (Att' = 0), and the rest are characterized as risk-tolerant (Att" = 1). Within each
risk attitude category, we set up the initial biosecurity value (bsio) for each packer/fleet agent
i according to the following initial biosecurity distribution!**: 50% of the total population
with initial biosecurity bs), = 0, 40% with bs), = 2.7, 10% with bs;, = 5.3, 0% with bsj, = 8.

In Table 4.2, three simulation sets are designed based on different combinations of two
factors in the producer population: (a) random or targeted selection strategy for risk-averse
producers, and (b) distribution of initial biosecurity levels. In the targeted selection strategy,
we progressively select producers to be risk-averse, one after another, in the decreasing order
of their cattle capacity, and the rest will be set as risk-tolerant. In the random selection

strategy, producers are randomly selected as risk-averse or risk-tolerant.

Table 4.2: Description of the simulation sets

Simulation | Risk-averse producer | Initial biosecurity distribution

set selection

I Random strategy bsy, for risk-averse/risk-tolerant category:
0, 2.7, 5.3, 8]—[50%, 40%, 10%, 0]

II Random strategy bsy, for risk-averse/risk-tolerant category:
0, 2.7, 5.3, 8]—[0, 40%, 10%, 50%]

11 Targeted strategy bsy, for risk-averse/risk-tolerant category:
0, 2.7, 5.3, 8]—[50%, 40%, 10%, 0]

In simulation sets I and III, producers within each risk category follow the same distri-
bution as packers and fleet companies. In simulation set II, the highest biosecurity levels
are assigned to 50% of the producers. Regarding risk category selection, we randomly select
risk-averse producers in simulation sets I and II but perform a targeted strategy in simu-
lation set III. Within each simulation set, each scenario represents a different proportion
of risk-averse producer agents in the total producer population (1) varied between 0 and
100% with an interval of 20%. We record the number of infected producers/packers and the
number of infected cattle over time for each simulation. We perform 1000 simulation runs

for each scenario, and the simulation period for each run is 200 days.
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4.3 Results and discussion

This section presents and compares the simulation results among the three simulation sets

to evaluate the impact of risk attitudes on epidemic dynamics.
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Figure 4.3: The number of cumulative infected producers over time. Simulation results are
averaged over 1000 runs and associated with 95% confidence intervals.

Fig. 4.3-4.4 show the average number of cumulative infected producers and the number
of currently infected producers over time with 95 percent confidence intervals. In Fig. 4.3
(a), as the percentage of risk-averse producer agents (1) increases from 0 to 100% with
20% as an interval, the final average number of cumulative infected producers gradually
decreases with intervals ranging between 13.01-24.13. In Fig. 4.3 (b), 20% of producers

in the risk-averse category can achieve a relatively good performance in reducing epidemic
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Figure 4.4: The number of currently infected producers over time. Simulation results are
averaged over 1000 runs and associated with 95% confidence intervals.

size, and after 20%, the epidemic size reduces more slowly. In Fig. 4.3 (c), the final average
number of cumulative infected producers reduces sharply from 100.94 to 31.92 as n varies
between 0-40%, and then decreases gradually with smaller gaps, ranging between 4.39-5.50.
It suggests that the system needs at least 40% of the producer population as risk-averse
to achieve a significantly steeper decrease in the epidemic size under a targeted strategy.
In comparison, the number of cumulative infected producers under a random strategy at
n = 40% is 58.67 (95% CI: 57.65-59.69) in Fig. 4.3(a).

Similar patterns are observed in the number of currently infected producers in Fig. 4.4.
In addition, simulation set II has the lowest peak in terms of producer infection as its overall

initial biosecurity level is the highest among the three simulation sets.
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Figs. 4.5-4.9 present boxplots of the distributions of simulation results obtained from
ABM for the three simulation sets.

(1) Impact of risk attitudes on producers

Fig. 4.5 shows that increasing the percentage of producers in the risk-averse category can

reduce the number of infected producers for all simulation sets.
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Figure 4.5: Distributions of the number of cumulative infected producers.

For simulation set I (blue) and 1 ranging from 0 to 100%, the median [interquartile range]
number of cumulative infected producers decreases dramatically from 103 [92-113] to 13
[9-21]. Compared to simulation set I, the number of cumulative infected producers decreases
much less sharply in simulation set II, which is associated with a higher initial biosecurity
level. More specifically, when 1 changes from 0 to 80%, the number of cumulative infected
farms changes from 30 [24-35] to 8 [6-12] and then remains almost unchanged between
n = 80% and n = 100%. It indicates that when the overall biosecurity level is relatively low,
changing individuals’ risk attitudes towards risk-averse can lead to a significant reduction in
the epidemic size, which enhances the effectiveness of control measures.

The epidemic size for simulation set III (targeted selection) is smaller than that under
simulation set I (random selection). For example, for n = 40%, the median number of

infected producers under random selection (58 [49-70]) is almost twice that under targeted
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selection, which is 31 [22-40]. It indicates that risk communication based on a targeted

strategy is more effective than the random strategy to contain the epidemic.

pattern of epidemic duration is observed in Fig. 4.6.
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Figure 4.6: Distributions of the epidemic duration.

(2) Impact of risk attitudes on cattle losses

40%

n

60%

80%

100%

A similar

In the simulation, when the producer agent detects an infection, it will depopulate its

cattle (all cattle transition to the removed state). Fig. 4.7 shows the distributions of the

number of cattle removed, reflecting the cattle losses. For simulation set I, when 7 varies

between 0-100%, the median [interquartile range] number of cattle removed ranges changes

from 2,199,045 [2,065,838-2,319,615] to 439,215 [270,210-702,540]. For simulation set II, as

n increases from 0-100%, cattle losses reduced from 848,640 [658,853-1,028,588] to 262,748

[166,830-385,223]. Comparing results in simulation sets I and III, we can conclude that

with the same initial biosecurity distributions, targeted selection of producers to a more

risk-averse behavior can yield fewer cattle losses than the random strategy. For instance,

the number of cattle removed is 739,778 [502,935-1,015,755] under a targeted selection and

1,519,763 [1,275,960-1,744,928] under a random selection at n = 40%.

(3) Impact of risk attitudes on packers

As packers are a critical component of the food production system, we visualize the
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Figure 4.7: Distributions of the number of cattle removed.

distribution characteristics across scenarios in Figs. 4.8 and 4.9. As the simulation period
for each run is 200 days, the maximum possible value of the total packer operating time is
800 days.

In Fig. 4.8, the median number of infected packers is 4 for all scenarios in simulation sets
I and III. For simulation set II, the median number of infected packers is 4 for n < 60%,
and becomes 3 for n > 60%. Similarly, in Fig. 4.9, the median total packer operating time
across all scenarios for simulation sets I and III ranges between 89-96 days and 90-95 days,
respectively. For simulation set II, the range of the medium total packer operating time is
94-99 days for n < 60%, and is 262-264 days for n > 60%.

In summary, the overall patterns of the indicators across scenarios are consistent over
the three simulation sets. A more risk-averse population can reduce the number of infected
producers/packers and cattle losses. Notably, a targeted selection of producers is more

effective than the random strategy under the same initial biosecurity levels.
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Figure 4.9: Distributions of the total packer operating time.
4.4 Summary

In this chapter, an agent-based model was developed to simulate the human decision-making
process during epidemics, a factor which is often ignored in conventional livestock disease
models. A case study of southwest Kansas was performed to demonstrate the model’s abil-

ity to simulate the human decision-making process around biosecurity practices as disease
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dynamics change. The assumptions relevant to the disease-related decision-making process
enable the model to capture the complicated interactions between disease spreading and
individuals’ responsiveness on biosecurity measures, considering individuals’ heterogeneous
risk attitudes. The model developed can be used by policymakers to examine the effective-
ness of various control measures and identify important human behavior factors related to
epidemiological parameters in disease transmission dynamics.

The simulation results show that human behavioral responses to biosecurity events, oper-
ationalized as risk attitude, substantially affect the epidemic dynamics and the effectiveness
of movement restrictions. Additionally, knowing the relevant stakeholders’ initial biosecurity
level is vital for cost-effective risk communication. When the initial biosecurity level is rel-
atively low, nudging producers’ risk attitudes towards greater risk-aversion can significantly
reduce the cumulative number of infected producer locations. When the initial biosecurity
level is high, communication to increase risk-aversion will lead to a smaller reduction in the
final epidemic size. For instance, shifting 40% of producers towards being more risk-averse
can lead to a sharp decrease in the median number of infected producers, from 102 to 31,
for a low initial biosecurity level (simulation set III). In comparison, the same shift towards
risk-aversion reduces the median number of infected producers from 30 to 14 for a high
initial biosecurity level context (simulation set II). We also highlighted the advantage of a
targeted strategy based on producers’ capacity in selecting audiences for communications
that promote more risk-aversion over a random selection strategy. For example, when 40%
of the producers are risk-averse, the number of cumulative infected producers under the
random strategy (simulation set I) is almost twice that under a targeted strategy (simula-
tion IIT). In terms of packer operations, there is little difference between the random and
targeted strategies for a low initial biosecurity level. This implies that risk communication
on producers towards risk-aversion regardless of their biosecurity status cannot effectively
protect the packers. Packers are the critical components in the system, and it’s significant
to ensure overall high compliance to biosecurity level in the region to minimize the risk of

disease outbreaks.
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Chapter 5

Robustness of supply chain networks

against underload cascading failures!

5.1 Introduction

Cascading failures and network robustness have been studied extensively in real-world net-

13-18;146;147 * Failures in these models are

works such as power systems and traffic networks
often overload-driven. Pahwa et al.'® built a simple but realistic overload cascade model
for power systems and studied its emergent behavior against power outages, which can lead
to the load redistribution across the network and result in more failures due to the power
flows exceeding the line capacity. They observed a sudden breakdown of the system with
an increased load level and a large network size. Many works study the cascading failure
phenomenon from a single network perspective, and there have also been recent studies of
failure cascades in interdependent networks. Buldyrev et al. developed in paper!’ a one-
to-one correspondence model to study the robustness of interconnected networks against
cascading failures, and found that removal of a critical fraction of nodes could lead to a
complete breakdown of the system. Since the work!’, many works have studied the ro-

147-151

bustness of interdependent networks from various perspectives , in which disruptions

!This chapter is a slightly modified version of our published article°.
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of components in one system may propagate and cause elements in the other system to fail.

In the competitive economic market, supply chain (SC) entities often build business
relationships with outsourcing partners to reduce the overall cost and promote productivity.
As a result, SCs have become more complicated and geographically dispersed, increasing

the frequencies of SC disruptions!®?.

Due to the increased dependencies among entities,
disruptions of a company’s operation can result in revenue losses in its business partners, and
cascade to other components in the SC®3. On the other hand, sustainability concerns have
pushed for higher efficiency in the use of resources and reduction in protective redundancies

in SCs, thus making SCs more susceptible to disruptions!'®.

SC entities may suffer from
financial losses due to delays in the flow of goods caused by natural disasters or intentional
attacks. For example, heavily relying upon transportation services for timely delivery of
animals among ranches, stockers, feedlots, and meat-processing plants, the beef industry
can suffer substantial economic losses due to disruptions in transportation infrastructure
caused by natural disasters and movement restrictions during disease outbreaks. During the
2011 Japan earthquake and tsunami, Toyota Motor Company suffered at least a 140,000-
vehicle production loss. This adverse effect spread to other countries, which led to a massive

5

collapse in the global automotive and electronics industry®®. In the following weeks after

the disaster, Toyota in North America experienced shortages of over 150 parts, resulting in
curtailed operations at only 30% of capacity .

In light of these low probability and high impact disruptions, several studies have uti-
lized the above overload failure models to analyze the SC robustness against cascading fail-

ure 19;20;157.

From a complex network perspective, a supply chain is also termed a supply
network, in which network nodes and links refer to the SC entities and supply-demand re-
lationships between the entities, respectively. Cluster SC network is a typical SC network
based on industry clusters. Zeng and Xiao studied the dynamic robustness of cluster SC
networks under overloaded cascading failures, and found that network load entropy can help
identify the cascading failure phenomenon with large damage at its early stage, thereby

avoiding the collapse of the whole network!®. Tang et al.?’ examined the robustness of an

interdependent SC network model, which consists of an undirected cyber layer and a directed
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physical layer, subject to different node removal strategies. However, the nature of cascading
failures in SC systems is mostly underload-driven. When entities cannot fulfill the expected
production requirement to overcome fixed production costs, they will fail to gain profit and
possibly exit the market. When a node is disrupted, its downstream and upstream neighbors
will be affected due to supply shortage and demand losses, respectively. If the neighboring
node’s remaining load drops below the lower bound constraint, i.e., cost, new failure occurs,

222 Tang et al.?® assessed the SC sys-

and cascades to other nodes in the entire system
tem robustness in the form of production capability losses, but they assumed that the failed
node loads only propagate downstream without consideration of mitigation strategies. Wang

1.21 attempted to improve the cluster SC network resilience against cascading failures,

et a
leveraging insights from the ant colony’s spatial fidelity zones. In the model developed by
Wang et al., a node can propagate the failure impact both upstream and downstream, and
can dynamically change the strength of the business relationship with its neighbors??. Sun
et al. proposed a multi-echelon supply chain evolutionary model and performed robustness
analyses under different attack strategies. They assumed that node failures are caused by in-
sufficient load, and successive failures happen only among nodes that have certain symbiotic
relationships?*. Huo et al. proposed a two-layer network to study the SC risk propagation
under warning information diffusion. In their work, a risk propagation threshold is derived
and found to have correlations with the network topology, the herd mentality, and the risk
preference!®®. There also exists a series of studies focusing on the design of optimal recovery
methods to cope with disturbance or disruptions in SC networks!%%1%°. To the best of the
authors’ knowledge, there are few works considering underload-driven failures, and this work
attempts to add a new element to this domain with a focus on the phase transition behavior.

Given the tremendous damages caused by the disruptions, understanding the nature of
the systemic failure in SC that goes beyond a single component behavior is a significant
problem to be addressed. The goal of this chapter is to build an underload cascade failure
model and analyze its behavior against disruptive events. First, we will build a generalized
underload cascade failure model with and without recovery strategies. The material low of

goods through an entity node defines its load. Second, we will examine the fraction of failed
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nodes in the system under scenarios of load decrease and load fluctuations. Third, we will
provide analytic results based on the assumption of equal load redistribution upon failures
for the studied scenarios.

The contributions of this chapter are: (i) Using the proposed model with recovery strate-
gies, we confirm that strategies of backup suppliers and surplus inventories, often adopted
in actual SCs, improve the system robustness. In addition, the system is relatively robust
against load fluctuations but is more fragile to load decrease. (ii) Without the recovery
process, we found numerically and analytically a discontinuous phase transition of the sys-
tem under a load decrease scenario. Based on statistical physics, this indicates that a small
fraction of failures can result in a sudden breakdown in the SC system. More specifically,
the model is more robust under the power-law distribution than the uniform distribution
of the lower bound load parameter for the studied scenarios. These findings indicate that
underload driven systems have different behaviors against cascading failures compared with

overload cascade models, and need to be further explored.

5.2 Underload cascading failure model

5.2.1 Load and load constraints

In multi-hierarchy SC networks, nodes are entities and edges denote the supply-demand
relationships between the entities. SC entities are both demand-side and supply-side, and
those in the same tier have similar network connections, core businesses, and competitive
161-163

environments

In this work, we represent the SC as follows:
G=(V, E, L, A, B), (5.1)

where V' = {vy,v2,..., v,} is a set of nodes, and E = {(v;,vj)|e;; =1 or 0} is a set of

edges. When e;; = 1, there is a directed link between nodes v; and v;; otherwise, e;; = 0.
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L ={Ly,Ls,...,L,} is a set of node loads. We define the load of a node L;(t) as the sum
of material flows that go through an entity node, i.e., the total number of products that an
entity has sold per time unit. A = {A;, As,..., A} and B = {By, Bs, ..., B,} are sets of
node load constraints. More specifically, A; denotes the upper bound load for node ¢, which
is the maximum number of products an entity can provide, i.e., inventory. B; denotes the
lower bound load for node 4, and reflects costs such as labor costs and maintenance fees.

Suppose the SC network has 7" number of tiers, and the initial loads for nodes in the
last tier T, equivalent to the demand for final customers, are known and equal. To initialize
the node load and load constraints in the network, we first calculate weights on all edges,
which reflect the business relationship strength between node entities. Weight on edge e;; is
calculated by w;; = (d, - d;)°, with # = 0.525%2. d; denotes the node degree of node i, and
is obtained by d; = dj + d;, where d and d; are the indegree and outdegree of node i,
respectively.

Given initial node loads in tier T, we calculate all initial flows on edges between nodes

in tier T — 1 and tier T as follows:

Fi;(0) = Li(0) - wij/ Y wiy, (5.2)

kery
where F; ;(t) is the flow on edge e;; at time ¢ and wij/Zker wy; indicates the fraction of
the supplies from supplier ¢ to all suppliers of node ;. F;J is the node collection consisting of
upstream nodes connected to node 7.
According to the node load definition, the initial load of each node in tier T — 1 equals

the sum of its outgoing flows, which is given by

Li(0)= Y F;(0), (5.3)

jerp
where I'P is the node collection consisting of downstream nodes connected to node i.
After obtaining the initial loads of nodes in tier 7-1, we calculate the initial node loads

in tier 7-2 using equations (5.2-5.3). Similarly, we sequentially calculate the initial loads of
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nodes in all tiers backward, i.e., T-3, ..., 2, 1. As a result, the sum of incoming flows equals
the sum of outgoing flows for each node i, i.e., L; () = Emery(t) Foi(t)= Ejerf(t) F,; (t),
with demand and supply balanced, which is in accordance with the node load definition.

In terms of node load constraints, we assume that A; and B; are proportional to the

initial node load L; (0), and are given as follows

, (5.4)

where a is the upper bound parameter, a > 1; b is the lower bound parameter, 0 < b < 1.

5.2.2 Cascading failure process

In the normal state, the network is in the steady state and the load of node ¢ at time ¢
satisfies B; < L; (t) < A;. When an SC network suffers from disruptive events, some nodes
can be underloaded and fail initially. Caused by the connections between the entities, the
impact of these initial failures could result in more failures and spread to the entire system.
We consider the cascading failure processes with and without recovery measures as follows.

Step 1: We initialize the node load L;(0) for each node i in the network, and then calcu-
late load constraints (A; and B;) based on the value of L;(0). Keeping the load constraints
for each node unchanged, we decrease or fluctuate the initial node loads to simulate initial
failures. The new initial load of node 7 after the load decrease or fluctuations is denoted as
L (0).

Step 2: Caused by the new failures, node load loss propagates throughout the system,
and all the loads and flows affected are updated.

Step 3: With recovery measures, the nodes affected but not yet failed can reduce load
losses by altering flows with existing partners or by building new partners.

Then, if there are still nodes with loads below their lower bound load, i.e., L; (t) < B;,

these nodes will be marked as failed and we continue the process from Step 2-3. Such a
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procedure is repeated until no new failure happens. Failure of a node indicates that the

entity receives insufficient load and fails to gain profit in the competitive market.

Node load loss propagation scheme

We assume that if a node fails, it can neither receive supplies from upstream neighbors, nor
ship products to downstream partners. Thus, once a node ¢ fails at time ¢, both its load and
the flows on its incoming and outgoing edges are set to zero. Here we use A; () to denote
the load loss of node i at time ¢, and A, ;(t) to denote the load loss of node m influenced
by node ¢ at time t. F; ;(¢) denotes the flow from node i to node j at time .

We model the impact of the failed node i on its upstream nodes as follows. For node
i failed at time ¢, its upstream neighboring node m in T'Y will suffer load loss A, (t).
Accordingly, the load of node m, i.e., L,(t), and the flow F,,;(t) on edge e,,; are updated
according to equation (5.5). Furthermore, the affected node m will lead to the load loss of

node d in its upstream neighboring set, I'V.

A7 () =Li(t—1) =3 erv Fpa(t — 1)

A () = A7 (O Fni(t = 1)/ 3 perv Fpi (t = 1) = Foi(t = 1)

L () = Loy (t = 1) — A, (1)

Fri(t)=Fpni(t—1)— A5, (t) =0 ) (5.5)
Ay () = By (8) Fam (8 = 1)/ 3 gery Fom (8= 1)

Lg(t) = La(t —1) = &g, (1)

Fom (t) = Fam (t—1) = Ay, ()

(
where m € TV and d € TY. Summation ZpEFiU F,; (t — 1) is the sum of flows on the incoming
edges of node i, and F,; (t — 1)/ Zpergf F,; (t — 1) indicates the fraction of the newly load
loss allocated to node m with respect to the total load loss of node .

In addition, the load loss of node i is propagated to downstream nodes. Due to the failure

of node 17, its downstream neighboring node s reduces load by As_l(t) The flow between nodes
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i and s is also updated. As the load loss propagates further downstream, we also decrease
the load of node r, which is the downstream neighboring of node s, and the corresponding

flow Fj, (t) according to equation (5.6).

(A (0= Li(t=1) = 5,0 Fuglt — 1
AL () =A7 @) Fis (t=1) /X gerp Fig(t = 1) = Fio(t — 1)
Ly(t) =Ly (t— 1) — AL (1)

S0

Fo(t)=Fia(t—1)— Ay () =0 ) (5.6)
A () =A%, (8) For (t=1) ) Sperp Fon (= 1)
L (t)=L.(t—1)— A, (t)

Fo,(t)=F, (t—1)—A_ (¢

r,s

0
where s € I'P and r € ',

The node load loss propagation process continues upstream to tier 1 and downstream to
tier T, mimicking the ripple effect spreading throughout the system.

To clearly illustrate the load loss propagation after nodes failed, we present a simplified
example on a four-tier SC network, as shown in Fig 5.1. Assuming that nodes 9 and 13 fail
at time ¢, the load they lose will affect their neighboring nodes 4, 14, 15 and 8, 18 through
connectivity links. Then, affected nodes 14, 15 further impact their downstream nodes 18,
19 and 20 by reducing supply. Meanwhile, node 8 influences its upstream neighboring nodes
2, 3 and 4 by cutting back demand. It is worth noting that the load loss suffered by node 4 is
affected by nodes 8 and 9 at the same time, thus its load at time ¢ is decreased by A} (f) +
Ayg (t), where Ajg(t) = Lo (t — 1) and Ayg (1) = Ag 3 () Fug(t —1)/ qurg F,s(t—1).

Load loss recovery scheme

In this section, the load loss recovery scheme is designed to simulate that entities can mitigate
their losses by requesting rush orders or building new business partnerships during disruptive

events. We define the residual load of node i at time ¢t as RL; (t) = A;— L; (t), which indicates
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1** propagation from node 13
—s propagation from node 13

1* propagation from node 9
2" propagation from node 9
v Load decrease

Figure 5.1: An example of load loss propagation in a four-tier supply chain. Red circles
represent the initial failures caused by load decrease or fluctuations..

the additional available products an entity can provide, i.e., surplus inventory. Each node
can at most provide its residual load when it helps its neighbor to recover losses.

When recovery measures are considered in the cascading failure model, only surviving
nodes can recover their node load when suffering from load losses. Note that after the load
loss propagation process, a node with L; (t) < B; can recover its load if it is not marked as
failed. If the node’s load, L; (t), is still below its lower bound load, B;, after the recovery
process, this node will be marked as failed, and cause further load losses in the next step.

Since acquiring new partners will bring additional costs, we assume node i (not yet
permanently failed) will first select from surviving nodes in its upstream neighboring set,
I'Y, and downstream neighboring set, I'P, to recover load losses. If all the neighboring nodes’
residual load still cannot help it recover above B;, node ¢ will build links with surviving nodes
in its upstream non-neighboring set, I'V (¢), and downstream non-neighboring set, I'? (¢).

According to the node load definition, each node’s demand and supply are balanced in
the steady state. Therefore, the impact of the increase in a node load will spread upstream
to tier 1 and downstream to tier 7. Then, it is easy to understand that the total load increase

of nodes in each tier s, Zier A} should always be equal, where Q is the node collection
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consisting of surviving nodes in tier s and s = 1,2,...,T. In this section, we use A} ()
to denote the load increase of node i, and Af{w- (t) to denote the load increase of node m
influenced by node 1.

Note that as the numbers of surviving nodes in each tier at time ¢ are not necessarily the
icq, (L; (0) — Li(t)), are different. In addition,
RL; (t), are also different.

same, the total load loss for each tier, i.e., Y
the total residual loads for each tier, i.e., Zieﬂs
The load loss recovery process is described as follows:
Due to the aforementioned reasons, we identify the tier v, with the minimum residual
load, RLyrn, and tier 7y, with the maximum loss, ALy ax equation (5.7). The total load

increase of each tier, ) A} (t), equals the smaller value of RLyry and ALysax.

ietier s

(

RLyn = min[ZngS RL; (t)} ,s=1,2,...,T and v, = s*

§ ALypax = max[Y, o (L1(0) — Li(t)] s = 1,2,...,T and 7 = s* (5.7)

>ico, A7 = min(RLy iy, ALyax), s=1,2,...,T

\

If RLyiy < ALpax, we first recover nodes in tier v = ~, with the load of each node
i increased by Af(t) = RL; (t), i € Q.,. Otherwise, if RLy;iny > ALpyax, we first recover
node load in tier 7 = ,, and each node load increases by A (t) = L} (0) — L; (t), i € Q.

Similar to the load propagation process, the impact of load increase in tier « will spread
upstream and downstream to the entire system. Suppose node ¢ is in tier v, and its load gets
increased by Af(t). To imitate that node i requests a rush order from its supplier m, we
increase Fp,; (t) and the load of node m by A} ;= min(Af (t), RL,, (t)), m e TV = Q,_;.
If the first randomly selected supplier m’s residual load cannot satisfy the order request of
node i (RL,, (t) < A (t)), node i will continue to randomly select the next supplier in TY. If
all suppliers still fail to meet the request of node i, i.e., 37, cpv RLy, () < AF(t), node 7 will
build links with randomly selected nodes in the non-neighboring set T'V (¢), until objective
AF(t) = Zmergﬂ A} is met, where I'Y" is the new node collection consisting of all upstream
neighboring nodes connected to node 7 .

Load increase of node m will further lead to load increase of its upstream nodes. This
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process continues until all related suppliers in tier 1 have increased their loads. Similarly,

loads of surviving nodes downstream are updated.

5.3 Numerical simulation results

Researchers often study the phase transition behavior exhibited by the system through stress-
ing external forces to it until the rupture point!'%4. In this section, we examine the robustness
of the SC networks under the stress of load decrease and fluctuations. Note that each node’s
load constraints, A; and B;, remained fixed as strength of the stress d or ¢ changes under
each scenario.

As the failures are underload-driven, we conduct extensive simulations with lower bound
parameter b following (i) uniform and (ii) power-law distribution, which are two com-

monly used families of distributions!®16°

. Uniformly distributed over [b, ., bmnqz), denoted
by Ulb,,.;,,> bmaz|, the probability density function for a random variable b is given by p (b) =
1/(bimaz — bmin) * b, <b<bmas- Following a power-law distribution, the probability density

function for a random variable b is of the form p (b) = k- (b)) with b € [byin, 1].

5.3.1 Synthetic networks

Hernéndez and Pedroza-Gutiérrez 166

constructed random network models in bipartite graphs
to model the theoretical SC networks. Similarly, we generate synthetic networks for a four-
tier SC network, as shown in Fig. 5.1, representing suppliers, production centers, distribution
centers, and customers. N nodes are generated and equally divided into four tiers, in which
one enterprise node belongs only to one tier. Links are created randomly with a given
connection probability p, which is the likelihood of existing business relationships between
nodes in two tiers. Additional efforts are made to ensure the network created is without
self-loops. Despite the random placement of links, most nodes will have approximately the

same number of connections. For example, the average node outdegree of a network with

100 nodes in each tier (N = 400) and p = 0.1 will be around 10. Simulation results using
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synthetic networks are shown in Fig 5.2.
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Figure 5.2: Simulation results using synthetic networks.

Load decrease

In this scenario, we consider a negative demand shock, in which demand for goods or services
shrinkages suddenly. To model the load decrease, we simultaneously decrease the initial loads
for all nodes in tier 4 by a factor 0, i.e., L}(0) = (1 —0) L; (0), and then calculate all the

flows and node loads in tiers 1-3. Keeping the network topology unchanged, it is equivalent
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to a uniform decrease of all the nodes by a factor d. In each realization, § changes from
0 to 1 with a step size of 0.02. We record the fraction of failed nodes f at the end of the
simulation, and the results are averaged over 100 realizations with network size N = 400
and connection probability p = 0.1.

In Fig. 5.2(a)—(c), we found a sharp collapse of the system when there are no recovery
measures and b is uniformly distributed over [b, . . byq.]. More specifically, the critical point
above which the failure occurs is only determined by b,,.., the upper limit of the uniform
distribution. For example, in Fig. 5.2(b), in which B; ranges between [0.2L; (0), 0.7L; (0)],
when § > 0.3, i.e., L;(0) < 0.7L; (0), initial failures start to appear and will propagate
throughout the system, resulting in the collapse of the whole system.

When recovery measures are included and b € U|byin, bimaz ], results in Fig. 5.2(a)—(c) show
that the recovery strategy can reduce the scale of systemic failure, as the reconfiguration of
the trade flows among alive nodes can absorb losses of nodes affected by the initial failures.
In Fig. 5.2(b), when 6 > 0.8, i.e., L; (0) < 0.2L; (0), all the loads fail at the beginning and
are marked as failed, so they will not mitigate losses under the recovery process.

With b in the form of power distribution, the system collapses when ¢§ increases to 0.88
without recovery process in Fig. 5.2(d), indicating that the system becomes more robust

compared to the uniform distribution case.

Load fluctuations

We mimic the load fluctuations by setting final customers’ new initial load as L (0) =
(140 &)L (0), ie., L;(0) € [(1 —0)L; (0), (14 0)L;(0)], where & is a random variable
uniformly distributed in [—1, 1]. Then, we calculate the new initial loads for the nodes in tier
1-3 and flows on the edges. It is equivalent to allowing all the initial loads to fluctuate by
a fraction of ¢. When o varies between [0, 1], upper bound parameter a is set to be two to
ensure L} (0) < A;, with A; = aL; (0). Results are averaged over 100 runs of the simulation,
with network size N = 400 and connection probability p = 0.1.

Fig. 5.2(e) shows the changes in the fraction of failed nodes as variation size o increases.
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Compared with the load decrease scenario, the system collapse happens less abruptly. When
recovery measures are not included and b is uniformly distributed over [0, 0.9], the fraction of
failed nodes reaches a plateau of around 80% as fluctuation escalates. In comparison, when
b is uniformly distributed over [0, 0.8], about 25% of nodes failed in the end, suggesting that

the system is relatively robust.

5.3.2 Real-world example

The underload cascading model proposed in this work is independent of the network topolo-
gies and can be applied to other types of SC networks. In this section, we apply the proposed

1.157 which includes

model to a European supply chain network obtained from Cardoso et a
11 raw materials suppliers, 3 plants, 5 warehouses, and 18 markets.

As shown in Fig. 5.3, simulation results under load decrease/fluctuation scenarios coincide
with previous simulation results obtained from synthetic networks. Regarding load decrease,
we observe a discontinuous phase transition for the system without recovery measures, and
this system becomes more robust with the addition of recovery measures. Also, the system
is relatively robust in the case of load fluctuations. For instance, without recovery measures,

the fraction of failed nodes varies between 40%-50% when the relative strength of load

fluctuations o is larger than 0.66.

5.4 Mean-field analysis

In this section, we forecast a discontinuous transition for the cascading failure model without
the recovery process using mean-field analysis. In power systems, power flows can redistribute
in the whole system upon failures according to the Kirchhoff’s law, which is dependent on
power line impedance. Similarly, the effects of disruptions can spread to the entire SC
network, and the flow redistribution in the system is dependent on the business relationships
among entities. This feature inspires us to leverage the equal load redistribution model that

18;165;168;169

has been used in power systems . The assumption is that when a node fails, the
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Figure 5.3: Simulation results using the European supply chain network.

load it carries before the failure will be redistributed equally among all the remaining nodes.
The equal load redistribution assumption is originated from the widely used democratic fiber
bundle model'™, in which N parallel fibers with different failure capacity share an applied
force equally.

In the following, we analyze the load decrease scenario using a simple equal-load redis-
tribution model. Suppose there are N nodes with a lower bound load B; characterized by

a probability distribution p (B), and failures happen in discrete time steps ¢t = 0,1,... The
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fraction of failed nodes and the number of surviving nodes until cascade stage ¢ is denoted
as f; and N, respectively. When the load of a node goes below B;, the node fails and its load
gets redistributed equally among the remaining surviving nodes.

Suppose all the nodes initially carried the same load Lj. There is no failure before
the disruptions, thus fo = 0 and Ny = N. Under disruptions, a fraction of nodes f; =
S [_CZ p (B) dB immediately fails, since their load Lj, is below the lower bound load. After the

first stage, the number of surviving nodes equals to N; = (1 — f;) N, and the new load per

T Tt fiLgN b T/ : :
node becomes L; = Ly — N = (1 — 1_%) Lj. The cascade failure process continues

recursively, and the mean-field equations for the (¢ + 1)th stage are as follows:

Jer1 = fffp(B) dB

Nipr = (1= fi) N ’ (5-8)

\Et+1 =Ly — (fisrN = fiN) Ly /Nywa = [1 = (f oy — /(1 = fe1)] Ly

. Number of lines that survive stage ¢ but fail at t41
where (ft""lN ftN) /Nt'H 1S Number of lines that survive stage t+1 :

Equation (5.8) can be simplified as

ft - ftfl

) (5:9)

t
Jrer = F(I_/OH (1-
t=1
where F (z) = [7p(B)dB.

From equation (5.9), we can see that the critical point f* is mainly dependent on the
distribution of B;. To obtain the fraction of failed nodes, we provide analytic solutions
by numerically solving equation (5.9) and verify them by simulating the above equal-load
redistribution process under disruptions. We assume the initial node load Ly = 1 before the
disruptions, and thus lower bound load B; = bLy = b-1 with b € [bimin, bmaz]- Under load
decrease, the new initial load becomes L = (1 —6) Lo = (1 —§) - 1.

The results obtained from the simulation are averaged over 100 runs and compared with

the results calculated from equations in Fig. 5.4, in which a discontinuous phase transition
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Figure 5.4: Plots of the fraction of failed nodes as a function of the relative load decrease
0 using the mean-field model.

occurs in all cases. In the uniform distribution case, the critical point below which a sudden
collapse happens is only determined by by,.,. When the new initial load Lj is above B;,
there are no failures in the system. Once L falls below B;, the system collapses because
the fraction of failed node obtained from the equation will increase to 1. When b follows a
power-law distribution, the system is more robust, and there is an abrupt breakdown of the
system at 0 ~ 0.9. Interestingly, this is contrary of the mean-field result for the overload
cascade model'®, in which the discontinuous jump happens with no precursors in power-law
distributions, and with precursors in line capacity following a uniform distribution. This
indicates that the scale of cascade failures in SCs could be significantly affected by the shape

of the b distribution, which is closely related to a company’s cost.
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5.5 Summary

In this chapter, we constructed an underload cascading failure model to study the robustness
of SC networks under load decrease and load fluctuation scenarios. Most real-world SCs are
equipped with redundancies such as surplus inventory and backup suppliers, and our simula-
tion results from both synthetic networks and real network topologies show that the recovery
strategies can significantly reduce the scale of the systemic failure when disruptive events
happen. In addition, the system is relatively robust under the load fluctuation scenario, as
the fraction of failed nodes escalates only when variation size ¢ is very high without consid-
ering recovery measures, which rarely happens in reality. Compared to the load fluctuations,
the system appears more vulnerable against disruptive events such as load decrease, i.e., de-
mand shock, and SC decision-makers need to take proactive protection measures to reduce
or avoid the impact of such disruptive events.

Since many cascading failure models do not consider the recovery process, we also studied
the behavior of the proposed underload-driven model without the recovery measures. We
found that the model exhibits a discontinuous phase transition behavior under load decrease
scenario as predicted by the mean-field analysis. More specifically, under different distribu-
tions of lower bound parameter b, i.e., cost per output, the system is more robust when b
follows a power distribution compared to the uniform distribution for the studied scenarios.
These emergent behaviors observed are different from the analytic results derived from the
overload-driven system by Pahwa et al.'®, in which the power-law distribution of capacity

results in a more abrupt system breakdown.
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Chapter 6

Analysis of mitigation strategies

against COVID spreading’

In the United States, the 2019 novel coronavirus disease (COVID-19) pandemic could result
in $13.6 billion of economic losses to the beef industry®. Several slaughterhouses were forced
to stop operations temporarily due to outbreaks identified in the workforce. In this chapter,
we use network-based modeling to examine the impact of non-pharmaceutical interventions
on the COVID spreading with various scenarios. Although the method is applied to simulate
the early stage of epidemic dynamics in Hubei province, China, the model developed can be

easily adapted to other regions.

6.1 Introduction

The COVID-19 emerged in Wuhan City, Hubei Province of China, in the late fall of 201917,
The highly contagious virus outbreak during the Chinese Spring festival period made con-
tainment an unprecedented challenge. The risks of human-to-human transmission, long per-
sistence on surfaces, and asymptomatic infections increased spread and made case detection

difficult ™17, Increasing case reports saturated hospitals in Hubei Province, overwhelming

IParts of this chapter are extracted and adapted from our published article®!.
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medical resources. Despite the high case reports, the true infection rate was likely underre-
ported, as infected individuals with only mild symptoms might have recovered without being
detected 17417,

To stop the viral spread, a series of strict control measures have been implemented in
mainland China, including the enforcement of the tourism ban, suspension of the school,
and extension of the Spring Festival holiday. From January 23rd to April 8th, 2020, the
Chinese government implemented a metropolitan-wide quarantine of Wuhan and nearby
cities, suspending all public transportation and advising residents to stay at home!7%177,
Since February 8th, a door-to-door check was started in Wuhan to take all confirmed and
suspected people into medical care, which ended at around February 19th!™®. Since February
10th, Wuhan City started to close the community.

Understanding the impact of non-pharmaceutical interventions on the epidemic dynam-
ics is crucial for decision-makers to take proper actions to contain the COVID-19. Since the
beginning of the outbreak, scientists have been actively retrieving the epidemiological charac-
teristics such as the time from infection to illness onset (incubation period) and the time from
illness onset to hospital admission or isolation (infectious period)!™17180  Researchers have
used the reported cases during the early stage of the epidemic and predicted the epidemic
trajectory, the basic reproductive number Ry from which ranges from 2.2 to 6.6175178:181

Several studies explored the effects of the quarantine of Wuhan 82183 travel restrictions'®4,

185186 o the future transmission dy-

and other non-pharmaceutical intervention strategies
namics at different geographical scales.

China’s aggressive and prompt measures have led to a dramatic decrease in the number of
new cases. Those measures saved many lives, although at a high economic cost. As of March
18th, 2020, the cumulative number of confirmed cases in China was 81,186. Compared to
the previous day, the number of new cases was only 70, most of which were imported from
outside the country!®”. In the meantime, COVID-19 spread further around the world, and
parts of Italy, South Korea, the United States, and Iran struggled to contain the epidemic.

In this chapter, we build an individual-level based network model and perform stochastic

simulations to reconstruct the epidemics in Hubei Province at its early stage and examine the
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epidemic dynamics under different scenarios. We consider four scenarios: keeping the early-
stage trend without any mitigation, reducing the average node through social distancing,
reducing the infection rate by adopting protective measures, and decreasing the infection
rate through both social distancing and protective measures. The findings of this work can

be a reference for policy recommendations regarding COVID-19 in other countries.

6.2 Model

6.2.1 Generalized epidemic modeling framework

To simulate COVID spreading, we apply the generalized epidemic modeling framework
(GEMF) developed by the Network Science and Engineering group at Kansas State Uni-

versity 188189

. In GEMF, nodes represent individuals and links denote interactions among
individuals in the complex network. The state of node ¢ at time ¢ is a random variable
denoted by z;(t). It is assumed that each node has only one node state among M possible
states at time ¢, labeled with an index from 1 to M (i.e., z; (t) € 1, ..., M). A node can
change its node state either through nodal transitions or edge-based transitions. Nodal tran-
sitions of a node do not depend on the states of its neighbors in the network. Edge-based
transitions of a node are caused by interactions between neighbors in the network.

To describe the epidemiology of COVID-19 pneumonia, we use the Susceptible-Exposed-
Infectious-Removed (SEIR) compartmental model, which has been frequently used in the
study of the COVID-19 76178181182 = Fach node is either in one of the compartments sus-
ceptible, exposed, infectious, or removed. Susceptible nodes refer to people free of the virus
and can become infected due to contact with infectious nodes. Exposed nodes have been
infected by the disease, but have not yet shown symptoms or become infectious. Removed

nodes represent those individuals who are recovered, isolated, hospitalized, or dead due to

the disease. The node-level description of transitions in GEMF can be expressed as follows:
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Plz; (t+ At) = 1]z; (t) =0, X (t)] = f'(t)YiAt + o( At)
Pl (t+ At) = 2|z; (1) = 1, X ()] = AAL + o(At) , (6.1)

P, x; (t + At) = 3|x; (t) = 2, X (t)] = ' At + o(At)

\

where X (t) is the joint state of all individual nodes at time t; z; (t) = 0, 1,2,3 means that
the state of node 7 at time ¢ is in susceptible, exposed, infectious and removed compartment,
respectively; Y; is the number of infectious neighbors of node i; 5'(t) is the rate for one node
transitions from susceptible state to the exposed state; A is the rate from the exposed state
to the infectious state, and ¢’ is the removal rate from infectious state to the removed state,

which is the inverse of the infectious period.

6.2.2 Application to Hubei Province

Right after the COVID-19 outbreak in China, many studies have estimated the epidemiolog-
ical parameters, which are essential to calibrate the epidemic models. However, we noticed
that there exists a variety regarding the epidemiological parameters. Based on 1099 patients
in 31 provincial municipalities through January 29th, 2020, Guan et al.'™ estimated that
the median incubation period was 4.0 days (interquartile range 2 to 7 days). Based on a

smaller sample size of 425 patients, Li et al. 1%

estimated the mean incubation period to be
5.2 days (95% confidence interval, 4.1 to 7.0 days). Du et al.’”" considered the delay from
symptom onset to case detection as 4-5 days. Considering the possibility of asymptomatic
infections, we adopt a relatively short mean incubation (latent) period as 3 days and mean
infectious period as 4 days'!.

In the network, nodes represent people and are divided to 17 groups to represent the 17
prefecture-level cities in Hubei Province (each group is called a city hereafter). Links are
generated to reflect both the effects of person-to person contacts within a city and population

flows between the cities on the spread of COVID-19. More specifically, we generate intra-

city links for each city in two steps. First, we further divide nodes in each city into multiple
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communities to make it more realistic. Inside each community, links are generated based

on the degree distribution given in Zhang et al.!%?

using the configuration model. Second,
on average each node is connected to another node in the same city based on Erdés-Rényi
model such that these communities have connections with each other.

Then, we generate inter-city links based on the number of people that traveled between
the cities obtained from Baidu Migration data. For example, if the daily population flow from
city 4 to city j is K number of people, directed links will be generated between K randomly
selected nodes in city ¢ to Kd; nodes in city j, where d; is the network average node degree
at time ¢. More specifically, the average daily population movement from January 1st-22nd
is used to build inter-city links before the Wuhan City lockdown on January 23rd. Since
the value of population flows between cities remain stable during the quarantine period, we
use the average daily population movement from January 23rd—29th to build inter-city links
after the Wuhan City lockdown.

In GEMF simulations, we consider the COVID-19 epidemic outbreak starting in Wuhan
City from January 19th, because all confirmed cases reported in Hubei Province were in
Wuhan City before January 19th, 2020. To reduce the computational cost, the population
of each city and population flows among the cities are scaled by 198, which is the number of
cumulative confirmed cases in Hubei Province up to January 19th. After scaling, the total
number of nodes in the network N equals 298,838. In total, we generate three adjacency lists
of the network topology, which are imported to GEMF and changed according to time during
simulation. More specifically, the first adjacency list A; corresponds to the network with
d; = 15 and inter-city links before the Wuhan City lockdown, and is used during simulation
up to January 22nd. The second adjacency list Ay refers to the network with d; = 15 and
inter-city links after the Wuhan City lockdown, and is used during simulation up to February
9th. The third adjacency list A3 incorporates d; = 3 and inter-city links after the Wuhan
City lockdown, and is used during simulation on and after February 10th when community
closure was implemented.

To fit the model, we take the number of confirmed cases as the number of people in

the removed state. By keeping A\ = 1/3 day~! and &' = 1/4 day~' unchanged, we estimate
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the infection rate (3’ as a piecewise constant function of the time. The A’ function and
time intervals are both tuned to minimize the error between the number of removed people
from our simulations and the number of cumulative confirmed cases in Hubei Province!%3.
The total period from January 19th to April 15th is separated into three phases (January
19th—January 27th, January 28th—February 9th, and after February 9th). During the first
phase, Wuhan city lockdown happened, and hospitals were short of beds. During the second
phase, Thunder God Mountain Hospital and Fire God Mountain Hospital were put into use,
and door-to-door screening was implemented. In the third phase, community closure was
enacted.

GEMF is available in MATLAB, R, Python, and C programming language, and we
performed extensive stochastic simulations by adapting the GEMF toolbox with MATLAB
during the experiment. We track the number of nodes in each compartment and demonstrate

the simulation results with confidence intervals. The number of simulation runs is 1500 in

all scenarios.

6.2.3 Data collection

The population size of each city in Hubei Province is obtained from the Hubei Statistical
Yearbook. We collected Baidu Migration data (https://qianxi.baidu.com/) for the 17 cities
in the Hubei Province from January 1st to January 29th, 2020. The daily Baidu migration
data contain two types of data. First type: the data include the immigration index and
emigration index of each city, which are linearly related to the human traffic volume moving
in and out of individual cities. Second type: for each city i, the data also contain the
composition of city ¢’s incoming flow, namely the fraction of flows coming from every other
city j to city ¢ (flow from city j to ¢ divided by the total flow coming into city ¢). Similarly,
the data contain the fraction of flows going out of city i to city m (flow from city i to m
divided by the total flow going out of city 7).

Based on the fact that around 5 million people have moved out of Wuhan before the city

lockdown on January 23rd, we obtain the number of people that traveled between the cities
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using the following approach. First, we estimate value of a, which equals 5 million divided
by the sum of Wuhan’s emigration indexes from January 1st to January 23rd. Then, we
can calculate the population flow moving in or out of each individual city by « times the
immigration or emigration index. In addition, the population flow multiplied by the flow
fraction going to or coming from a specific city gives us the number of daily travelers to or

from a particular individual city to another.

6.3 Results

In this section, we present results based on GEMF stochastic simulations. To reconstruct
the epidemics in Hubei province, we continuously tune the infection rate parameter ' to
minimize the error between the number of nodes in the removed compartment from GEMF

simulations and the number of cumulative confirmed cases from the data, as shown in Fig. 6.1.
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Figure 6.1: Fitting the model to the cumulative confirmed cases from January 19th to April
15th.

By performing GEMF stochastic simulations, we obtain that 5’ is equal to 0.06 for
day 0-8 (January 19th—January 27th), and then becomes 0.0169 for day 9-21 (January
28th-February 9th), and equals 0.01 on and after day 22 (February 10th). The infection
rate dramatically drops, indicating that public health interventions implemented in Hubei

Province have considerably controlled the epidemic development since the nascent stage
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of the outbreak. Based on the fitted parameter ', we estimate the basic reproduction
number (Ry = 3'd;/d) decreases from 3.6 before January 27th, to 1.014 between January
27th-February 9th, and to 0.12 on and after February 10th.
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Figure 6.2: Epidemic dynamics under four scenarios (red, green, blue, and magenta) from
GEMEF stochastic simulations. Note that the magenta curves almost overlap perfectly with
the green curves in Fig. 6.2(b), so Figs. 6.2(e~f) are provided to zoom in and show the
differences.

Fig. 6.2 shows the epidemic trajectories under four scenarios, in which different mitigation
strategies are implemented after February 9th: continuing the current trend with 5’ = 0.0169

and the network average node degree d; = 15 (Scenario 1); reducing d; from 15 to 3 (Scenario
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2); decreasing 3’ by 75% (Scenario 3); reducing 4’ from 0.0169 to 0.01 and d; from 15 to 3
(Scenario 4). Preventive measures such as wearing masks can help reduce the infection rate.
On the other hand, the average node degree refers to the possible contacts a person may
have in daily life, and this can be reduced by contact reduction and social distancing.

In Fig. 6.2, if the current trend as of February 9th had continued, the epidemic spread-
ing could have become more severe than what happened in Hubei Province. Reducing
the average node degree from 15 to 3 (Scenario 2), the epidemic would reach the peak at
around day 21.85 and fade out at around day 66.80 with the final epidemic size 367.86 (95%
339.55-396.18). When [ is reduced by 75% in Scenario 3, the number of removed cases in
the steady-state would reach 456.47 on average (95% CI: 423.34-489.59), and the epidemic
would fade out at day 110.90 on average. When a combination of reducing ' and average
node degree is conducted in Scenario 4, the epidemic dynamics would approximate the ac-
tual epidemic trajectory in Hubei Province in the steady-state with mean scaled number of
removed cases 346.54 (95% CI: 319.12-373.96). In addition, the epidemic would reach the
peak at day 21.50 and fade out at day 61.55 on average.

Overall, GEMF simulation results suggest that more strict prevention and control mea-
sures have been taken since February 9th to achieve the current cumulative confirmed cases
in Hubei Province. Preventive measures and social distancing measures need to be taken in
combination by the government to speed up the containment of the epidemic and reduce the

peak infection dramatically.

6.4 Summary

In this work, we test and confirm the effectiveness of non-pharmaceutical interventions on
the containment of the epidemic dynamics by performing GEMF stochastic simulations. The
daily cases of the COVID-19 epidemic in Hubei Province peaked at over 15,000 on Febru-
ary 12th and became almost zero in mid-March. Our simulation results indicate that the
containment of this highly contagious disease was achieved by stringent control measures by

the Chinese government. Without continued and aggressive control measures, the epidemic
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in Hubei Province would have become more severe. Only with combined implementation of
enhanced protective measures and social distancing measures, the epidemic dynamics would
peak at around mid-February and approximate the actual epidemic trajectory in March.
This can be an important message for countries going through the exponential growth of
the epidemic in the current days. In addition, the model developed can be easily adapted to

simulate the COVID epidemic dynamics in other regions.
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Chapter 7

Conclusion and future work

7.1 Summary

In this dissertation, we have investigated complex system behaviors facing biosecurity chal-
lenges from different perspectives. In modern society, infrastructure systems have become
increasingly interconnected. Although this interdependence enables the economic function-
ing of the interdependent system, it also brings vulnerabilities to the system amplifying
disease spreading and natural disaster consequences. With this background, this disserta-
tion addresses five research questions that aim to assess the behavior of complex systems in
face of biosecurity challenges. The answers to these research questions can help policymak-
ers to identify vulnerabilities in the system and benefit existing disaster preparedness. The

accomplishments of this dissertation are summarized as follows:

e Chapters 24 describe the development of an agent-based model focused on southwest
Kansas, United States. The model mirrors the beef cattle production and transporta-
tion based on regular business operating principles and assumed conditions obtained
from the literature review, beef cattle experts, and field studies. It is capable of cap-
turing the complicated interactions between disease spreading and individuals’ respon-

siveness on biosecurity measures, considering individuals’ heterogeneous risk attitudes.

e In Chapter 2, we evaluate the robustness of the interdependent system by constructing
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hypothetical disruptions in both the cattle industry and the transportation industry.
We find that the system is robust to random failures but vulnerable to the targeted
shutdown of cattle premises or truck premises. In addition, disruptions in the trucks
serving packers have the worst impact on cattle production, as compared to other
transportation disruptions. In disaster preparations, policymakers and system design-
ers need to consider vulnerabilities caused by the interdependent infrastructure and

pay particular attention to one of its critical components, meat packers.

In Chapter 3, we assess the impact of truck contamination on the foot-and-mouth dis-
ease transmission with the truck agent following an independent clean-infected-clean
cycle. Scenario analyses results show that including indirect contact routes between
premises via truck movements can significantly increase the disease spread amplitude,
compared with equivalent scenarios that only consider direct contact routes via animal
movement. We add an information-sharing functionality such that producers/packers
can trace back and forward their trade records to inform their trade partners during
outbreaks. We find that mitigation strategies informed by information sharing can ef-
fectively mitigate epidemics, highlighting the benefit of promoting information sharing

in the cattle industry.

In Chapter 4, we integrate the human decision-making process into epidemiological
processes, and examine the impact of human behavior factors on a hypothetical foot-
and-mouth disease outbreak. In the model, human behaviors related to biosecurity
practices change following an increase in the regional disease incidence. Here, biosecu-
rity is referred to as implementing control measures to decrease the chance of animal
disease spreading. With the same initial biosecurity status, the number of infected
producer locations and cattle losses can be more effectively reduced with an increase
in the percentage of risk-averse producers selecting large producers first compared to
randomly selecting producers. In addition, the reduction in epidemic size caused by
the shifting of producers’ risk attitudes towards risk-aversion is heavily dependent on

the distribution of the initial biosecurity level. A comprehensive investigation of the
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initial biosecurity status is recommended to inform the design of risk communication

strategies.

In Chapter 5, we study the robustness of supply chain networks against cascading
failures. Considering the upper and lower bound load constraints, i.e., inventory and
cost, we examine the fraction of failed entities under load decrease and load fluctuation
scenarios. The simulation results obtained from synthetic networks and a European
supply chain network confirm that the recovery strategies of surplus inventory and
backup suppliers often adopted in actual supply chains can enhance the system ro-
bustness, compared with the system without the recovery process. In addition, the
system is relatively robust against load fluctuations but is more fragile to demand
shocks. For the underload-driven model without the recovery process, we find the exis-
tence of a discontinuous phase transition. Unlike other systems studied under overload
cascading failures, this system is more robust for power-law distributions than uniform

distributions of the lower bound parameter for the studied scenarios.

As an emerging infectious disease, the 2019 coronavirus disease has developed into a
global pandemic. In Chapter 6, we use a network-based model to reconstruct the epi-
demic dynamics in Hubei Province and examine the effectiveness of non-pharmaceutical
interventions on the epidemic spreading with various scenarios. We reveal that with-
out continued control measures, the epidemic in Hubei Province could have become
persistent. Only by continuing to decrease the infection rate through protective mea-
sures and social distancing can the actual epidemic trajectory that happened in Hubei

Province be reconstructed in simulation.

7.2 Limitations and directions for future work

This section provides several recommendations for future work based on the limitations

of this dissertation. The research scope of Chapters 2—4 only focuses on the beef cattle

industry in southwest Kansas, which has many feedlots and few numbers of ranches and
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packers. As a result, some of our conclusions depend on this system particularity, and may
not be applicable to beef cattle industry at other locations. However, the model developed
can be readily adapted to other regions as soon as relevant data sets become available. In
addition, actual cattle and truck movement data are not accessible in southwest Kansas due
to privacy issues. The availability of high-quality actual cattle and truck movement data in
the future may result in different outcomes and lead to a better understanding of the system
behavior. However, one of the main goal of the project is to generate realistic cattle and
truck movement data under this data unavailability, and we provided these data sets for the
community studying interconnected complex systems.

In the agent-based model, producers/packers randomly select other producers to trade
cattle, and we disregard price factors and seasonal fluctuations. Future work can analyze
the disease spread under various contact network structures by altering the current trade
pattern. For simplicity, we assume that once control measures are implemented in packers,
packers stop requesting cattle and do not go back to normal operations during the epidemic
period, while this may not be what happens in practice. Future work may impart greater
realism to the packer agent and further analyze the economic impact caused by different
control strategies.

In addition, we include only truck movement and disregard other forms of indirect contact,
such as the movement of personnel or equipment. As the truck movement occurs for the
shipment of cattle, indirect contact is always associated with direct contact. Therefore, we
compare the disease spread under the scenario of direct contact only and scenario of indirect
and direct contact in Chapter 3, without considering the indirect contact only scenario.
Nonetheless, it would be interesting to include other potential indirect transmission routes
such as feed transporters and veterinarians to investigate the role of indirect contact in the
disease spreading thoroughly. This can be the topic of future analyses.

Moreover, the duration of a truck or a loading/unloading area of premises remaining con-
taminated, i.e., the contamination period, is affected by not only the ability of the pathogen
to survive in fomites, but also by environmental factors such as temperature and by the

frequency of the disinfection operations!?®. The exact value of the contamination period is
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not available and is assumed to be 14 days similar to the work in papers®!2%139  However,
sensitivity analyses results show that epidemic sizes are sensitive to variations in the contam-
ination period. This highlights the need for a more accurate estimation of this parameter.
Cattle producers are reluctant to share their information due to privacy concerns. Over
the past decades, many studies have focused on the usage of information sharing as a method

194195 The information

to improve supply chain performance and resilience to disruptions
shared, such as demand and inventory level, can foster the operation control and decision
making about supply chain disruptions. To enhance food security by sharing the authen-
tic data while maintaining privacy, several recent studies have analyzed food supply chain

120;122:122:196 © which is promising to result in more

traceability using blockchain technology
information sharing. Chapter 3 assumes that all producers participate in the information-
sharing process. Another area of future work is to investigate how acceptance rate of the
information infrastructure will affect the epidemic size, and how to enhance the acceptance
of information sharing infrastructure considering economic and social factors. Sensitivity
analysis shows that the number of days to trace back and forward during information shar-
ing has a significant influence on the epidemic size and is worth further studying considering
the economic impacts of the related mitigation strategies.

In Chapter 5, we mainly focus on qualitatively showing the dynamic behavior of general
supply chain networks against disruptions. Thus, providing practical implications on the
specific beef supply chain is not our primary focus. However, this work paves the foundation
for future research in modeling beef supply chains in the face of cascading failures, which
could hopefully shed light on policy recommendations for decision-makers to make the beef
industry more robust. We find that strategies such as surplus inventories can reduce the scale
of systemic failure during disruptions. Nonetheless, the best approach to protecting the beef
cattle industry is a tradeoff between the cost and benefit of these protection measures, which
require more investigation. What’s more, links are randomly generated based on a connection
probability, and all nodes are disrupted with a factor in the supply chain synthetic network.
Therefore, the initial failures triggered in this work can be seen as caused by random attacks.

Future work can examine the system behavior under targeted attacks with various network
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topologies. With appropriate data available, we can also use the agent-based modeling

method to validate the theoretical results in this chapter.
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