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Abstract

In recent years, the modeling and forecasting of infectious diseases have received height-
ened attention, driven by the emergence and global spread of high-profile outbreaks such
as the 2014 Ebola epidemic in West Africa and the COVID-19 pandemic. These health
crises have highlighted the critical importance of having timely, accurate information about
disease transmission dynamics to guide public health decisions and interventions effectively.
The role of infectious disease modeling and forecasting extends beyond mere academic in-
quiry; it serves as a vital tool for public health officials, offering the potential to predict
outbreaks, strategize interventions, allocate resources judiciously, and communicate risks to
communities. Therefore, this dissertation endeavors to develop and refine systems capable
of modeling epidemic dynamics and delivering precise forecasts for a variety of infectious
diseases, thereby supporting enhanced public health preparedness and response.

Firstly, we introduce a short-term forecasting system for COVID-19, employing the SEIR
compartmental model to simulate the disease’s transmission and employing the ensemble
Kalman filter (EnKF) to assimilate daily confirmed case data. This system generates three-
day forecasts, updated daily as new data becomes available, with forecast accuracy assessed
through absolute relative error metrics.

Secondly, our work expands into the vector-borne disease — dengue fever, developing a
novel forecasting model that integrates the SEIR-SEI disease model with the EnKF method.
Initial twin experiments assimilated synthetic weekly dengue case data, leading to accurate
state and parameter estimations and predictions. Subsequently, this model was applied to
historical dengue outbreak data from Kaohsiung, Taiwan; Singapore; and Rio de Janeiro,
Brazil, yielding forecasts that closely aligned with observed cases and dynamically estimating

exposed and infectious human populations. A comparative accuracy assessment of this



model against the SEIR-EnKF and SIR-EnKF models highlighted its superior forecasting
capabilities.

Third, we detail a real-time prediction system for West Nile Virus (WNV) that incor-
porates an adapted compartment model to account for the transmission dynamics among
birds, mosquitoes, and humans, including asymptomatic cases and the influence of climatic
factors. Using data assimilation techniques, we generate weekly WNV case forecasts for Col-
orado in 2023, providing valuable insights for public health planning. Comparative analyses
underscore the enhanced forecast accuracy achieved by integrating climatic variables into
our models.

Fourth, we explore the transmission dynamics of Foot-and-Mouth Disease (FMD) among
beef-cattle farms in southwest Kansas through a three-layer network model encompassing
direct contacts (cattle movements), indirect contacts (truck visits), and information sharing.
This study assesses the impact of these layers on FMD transmission, the effectiveness of
information-sharing strategies in mitigating outbreaks, and the economic implications of
infection and quarantine measures.

Finally, our work on the development of the PICTUREE—Aedes web application rep-
resents a significant advancement in the monitoring and forecasting of dengue fever. By
aggregating and visualizing dengue-related data from diverse sources, including tempera-
ture, precipitation, mosquito occurrences, and case reports, the application facilitates global
risk assessments and forecasts of ongoing outbreaks.

In conclusion, this dissertation presents a comprehensive suite of modeling and forecasting
tools for various infectious diseases, offering significant potential to optimize public health

responses through improved predictive accuracy and timely information dissemination.
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capabilities.

Third, we detail a real-time prediction system for West Nile Virus (WNV) that incor-
porates an adapted compartment model to account for the transmission dynamics among
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direct contacts (cattle movements), indirect contacts (truck visits), and information sharing.
This study assesses the impact of these layers on FMD transmission, the effectiveness of
information-sharing strategies in mitigating outbreaks, and the economic implications of
infection and quarantine measures.

Finally, our work on the development of the PICTUREE—Aedes web application rep-
resents a significant advancement in the monitoring and forecasting of dengue fever. By
aggregating and visualizing dengue-related data from diverse sources, including tempera-
ture, precipitation, mosquito occurrences, and case reports, the application facilitates global
risk assessments and forecasts of ongoing outbreaks.

In conclusion, this dissertation presents a comprehensive suite of modeling and forecasting
tools for various infectious diseases, offering significant potential to optimize public health
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Chapter 1

Introduction

1.1 Background and motivation

Throughout history, infectious diseases have posed significant threats to human health and
well-being, leaving deep scars on society. The Spanish flu pandemic of 1918-1919 serves as a
harrowing reminder of this impact, affecting one-third of the global population and resulting
in approximately 50 million deaths®. In more recent times, infectious diseases such as dengue
fever and influenza continue to pose serious threats to global health, emphasizing the need
for vigilant public health strategies. Dengue fever, a mosquito-borne viral disease, is esti-
mated to infect up to 100 million individuals annually, leading to significant morbidity and
mortality2. Similarly, influenza, a respiratory illness caused by influenza viruses, accounts
for 290,000 to 650,000 deaths worldwide each year3. The emergence of the COVID-19 pan-
demic has further underscored the devastating impact of infectious diseases, with over 5
million lives lost globally as of April 2023*. These outbreaks not only highlight the human
cost of infectious diseases but also the critical importance of timely, accurate information
on disease transmission to guide public health interventions. Consequently, infectious dis-
ease forecasting has become an indispensable tool for public health officials, enabling more
effective preparation and response to disease outbreaks.

This dissertation delves into the transmission dynamics of four significant infectious dis-



eases: COVID-19, dengue fever, foot-and-mouth disease (FMD), and West Nile virus (WNV).
These diseases have been selected for their varied transmission modes, impacts on human

and animal health, and the challenges they present to public health systems globally.

e COVID-19 The COVID-19 pandemic, caused by the SARS-CoV-2 virus, emerged in
Wuhan, China, in late 2019 and quickly became a global crisis. Its rapid spread was fa-
cilitated by modern travel and asymptomatic transmission, highlighting vulnerabilities
in global health systems. COVID-19’s impact has been profound, affecting millions of
lives, overwhelming healthcare systems, and causing widespread social and economic

disruption® .

The pandemic underscored the need for robust surveillance systems,
effective public health communication, and international cooperation to manage infec-
tious disease threats. As of April 2023, the pandemic had resulted in over 5 million

deaths worldwide, although the true toll, directly and indirectly, is likely much higher?.

e Dengue Fever Dengue fever, transmitted by Aedes mosquitoes, is a leading cause of
illness and death in tropical and subtropical regions. The disease’s symptoms range
from mild fever to severe conditions such as dengue hemorrhagic fever and dengue
shock syndrome. The global incidence of dengue has grown dramatically in recent
decades, with an estimated 100 million to 400 million infections occurring annually.
The disease’s spread is exacerbated by urbanization, climate change, and globalization,
posing significant challenges to disease control and prevention efforts®. Large outbreaks
have occurred in countries like Brazil, Singapore, and Taiwan, stressing the importance

of effective vector control and early detection systems®!,

e West Nile Virus (WNV) WNV is a mosquito-borne virus that primarily infects birds
but can also infect humans and other mammals. In humans, it can cause West Nile
fever or severe neurological diseases, such as encephalitis or meningitis. First identi-
fied in Uganda in 1937, WNV has since spread globally, with notable outbreaks in the
United States, Europe, and the Middle East. The virus’s transmission cycle, involv-
ing birds and mosquitoes, complicates control efforts, requiring integrated approaches

that include mosquito population management and surveillance of bird populations.



The US experienced significant outbreaks in the early 2000s, with thousands of cases
and hundreds of deaths, emphasizing the need for ongoing research and public health

preparedness 2719,

e Foot-and-mouth disease (FMD) FMD is a highly contagious viral disease affecting live-
stock, with severe economic implications for the agricultural sector. It affects cloven-
hoofed animals, leading to reduced productivity and trade restrictions. Outbreaks,
such as those in the UK in 2001 and Japan in 2010, have led to the culling of millions
of animals and substantial economic losses'%18. Effective FMD management involves
vaccination, movement controls, and rapid detection to prevent spread, highlighting
the importance of understanding transmission dynamics for outbreak preparedness and

response 921,

This dissertation aims to provide a comprehensive understanding of the transmission
dynamics of these diseases, contributing to the development of more effective forecasting
models and intervention strategies. This work is driven by the following research questions

designed to tackle the multifaceted challenges posed by disease prediction and control:

1. COVID-19 Prediction Amidst Data Variability: How can we enhance the accuracy of

COVID-19 case predictions amidst significant observational disturbances?

2. Dengue Fever Transmission Dynamics: What methodologies can more precisely model

the transmission dynamics of dengue fever between humans and mosquitoes?

3. West Nile Virus (WNV) Dynamics and Climate Effects: How do we accurately describe
the transmission dynamics of WNV across birds, mosquitoes, and humans, incorporat-

ing the significant influence of climate variables on disease spread?

4. Foot-and-Mouth Disease (FMD) Transmission and Control: How can we identify the
differential impacts of various contact types on FMD transmission, and how can we

evaluate the effectiveness of the mitigation strategies?



5. Comprehensive Dengue Risk Assessment: How can we integrate diverse data sources,
along with existing simulation and forecasting tools, to provide a detailed and action-

able risk assessment of dengue fever to the public and health authorities?

By tackling these questions, this dissertation aims to bridge the existing gaps in infectious
disease research through the application of innovative methodologies. This endeavor not only
seeks to improve our predictive capabilities but also to inform more effective response mecha-
nisms to infectious disease outbreaks. Ultimately, the goal is to mitigate the adverse impacts
of these diseases on human and animal health, contributing to safer, healthier communities

worldwide.

1.2 Epidemic models

The prediction and analysis of the evolution of diseases can be modeled by a spectrum of
mathematical methods dedicated to mapping out spreading and diffusion mechanisms. These
methodologies have undergone significant evolution, transitioning from straightforward com-
partmental constructs to more elaborate structured frameworks. Such advancements aim to
encapsulate the complexities introduced by the inherent hierarchies and heterogeneities ob-
servable at both community and population levels.??

In Fig. 1.1, we explore four structures that are frequently employed within the realm
of epidemic modeling. Here, individuals within the models are represented as circles, with
varying shades indicating distinct disease stages. Fig. 1.1a illustrates the concept of ho-
mogeneous mixing structure. This model operates under the assumption that interactions
among individuals occur in a uniformly random manner, devoid of any preferential patterns
or structured contacts. This simplistic approach, while providing initial insights, does not
account for the complexity of real-world interactions. In contrast, Fig. 1.1b delves into
contact network models. These models map out the intricate network of social interactions
between individuals, delineating potential pathways for viral transmission. By acknowledg-
ing the diversity in interaction frequencies and intensities, contact network models offer a

more detailed understanding of disease spread mechanisms. Fig. 1.1c¢ introduces multi-scale

4



models, which explore a layered approach to population dynamics. These models differen-
tiate between subpopulations, interconnected through individual movements across spatial
or social divides. While assuming homogeneous mixing within each subpopulation, multi-
scale models provide insights into how mobility patterns influence disease propagation across
broader scales. Lastly, Fig. 1.1d presents agent-based models, which simulate the behaviors,
movements, and interactions of each individual entity within a population, with a high degree
of detail. Agent-based models are particularly adept at capturing the emergent properties of
complex systems, allowing for an in-depth exploration of how individual actions collectively
shape epidemic outcomes.

Each of these structured frameworks brings unique perspectives and insights to the
study of epidemic dynamics, highlighting the importance of considering diverse modeling

approaches to capture the multifaceted nature of disease spread.

1.3 Compartmental model

Compartmental models play a central role in epidemic modeling and can be applied across
the various structures outlined in Section 1.2. These models provide a simplified, yet power-
ful, framework for understanding and predicting the dynamics of infectious diseases within
populations. By dividing the population into distinct compartments according to their dis-
ease status (e.g., susceptible, infected, recovered), they facilitate a clear understanding of
disease progression. The transition of individuals between these compartments, governed
by a set of mathematical equations, effectively simulates how an infection disseminates over
time.

The Susceptible-Infectious-Recovered (SIR) model is a basic structure of the compart-
mental models for studying the spread of infectious diseases. The model partitions the
population into three compartments: susceptible, infectious, and recovered. Susceptible in-
dividuals are those who are susceptible to the disease and can become infected upon contact
with an infectious individual. Infectious individuals are those who are currently infected

and can transmit the disease to susceptible individuals. Recovered individuals are those
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Figure 1.1: Structures used in epidemic modeling



who have recovered from the disease and are no longer susceptible or infectious. The SIR
model assumes that the population is homogeneous and that all individuals have an equal
likelihood of being infected. It also assumes that the infection rate 5 is proportional to the
product of the infectious and susceptible populations, while the recovery rate J is constant.

The model is characterized by the following differential equations 1.1, as shown in Fig. 1.2.

Figure 1.2: SIR model transition process.

S'(t) = —BIS
I'ty = BIS—6I (1.1)
R(t) = oI

1.4 Ensemble Kalman Filtering

The Ensemble Kalman Filter (EnKF) is a data assimilation technique well-suited for time-
series infectious disease forecasting with the assumption that the population is homogeneous
mixing. In infectious disease modeling, time-series data such as daily or weekly case counts
are often used to calibrate and validate disease transmission models. EnKF can improve
the accuracy of these models by assimilating real-time data into the model and generating
updated forecasts and key epidemiological parameters based on the most recent observations.
The EnKF maintains an ensemble of the state variables X; and the time-varying parameters

O, = [BY7HBHZV IV which can be put together in a matrix A; € R where N is the

X!xz. xN
A=t t 1.2
! (@%@f...@ﬁ) (12)

number of ensembles



At each time step, the EnKF first uses the model simulations to predict the prior, which is

the expected state of the system

A = F(A) = (gggj;) + G (1.3)

where g(®,) is the difference equation for the parameters, ¢ is the model noise. Therefore,

the ensemble covariance for the prior is given by

71 1 — A — — f—
oy = m(At — A )(A — 4 )Ta (1.4)
where A_; is the mean of ensemble members.
To update the estimated state and parameters of the system, the EnKF assimilates
new observations g, into the ensemble Yt = y; + €, where ¢; is the perturbation vector.
The assimilation step involves comparing the predicted states of the ensemble with the

observed data and adjusting the estimated state and parameters of the system to better fit

the observations

~

Ay = A7 + K(Y: — HiAY) (1.5)

where K; = o} H,(Hio!" HI + o)~ is the Kalman gain, H; is the measurement index

T
. €€
matrix, of?® = %

Finally, the EnKF generates a new ensemble of model simulations by perturbing the
updated estimated state and parameters of the system, and the process repeats for the next

time step.

1.5 Multi-layer network construction

Constructing a multilayer network is an essential aspect of infectious disease modeling based
on contact network models as it enables the integration of diverse interaction types that can
influence disease transmission dynamics. A multilayer network consists of multiple layers or

types of networks, representing various interaction types such as social contacts, transporta-



tion networks, or environmental contacts.

2

Figure 1.3: Two-layer network structure.

Fig. 1.3 illustrates a two-layer network where the same individuals are linked by a dashed
line in different layers, and the edges within the same layer represent the transmission path-
ways of the pathogen between individuals. Various approaches can be used to construct
each layer based on the research question and available data. For example, the social con-
tact layer can be constructed using survey data on the frequency and duration of social
interactions, while the transportation network layer can be created using data on traffic
routes and volumes between different locations. In cases where data is not available, an
Erdos Renyi random network can be used. These layers can be combined using a coupling
function that represents the impact of different layers on the probability of infection given
contact with an infectious individual. By integrating these diverse interaction types into a
single multilayer network, the model can more accurately capture the complex dynamics of

disease transmission and provide better guidance for effective public health interventions.

1.6 Research contributions

The dissertation addresses five research questions that delve into the forecasting and mod-
eling of infectious diseases, contributing significantly to the field of epidemiology. Here’s a

summary of the contributions:

1. Predicting COVID-19 Cases Amidst Disturbances: We introduces a short-term fore-
casting system for COVID-19, utilizing the SEIR model enhanced by the EnKF for



assimilating daily case data, despite its noisiness. This innovative approach allows for
the generation of accurate three-day forecasts, marking a significant advancement in

real-time infectious disease surveillance and response planning.

. Describing Dengue Fever Transmission Dynamics: A novel SEIR-SEI vector-borne
disease model is proposed to accurately describe the transmission dynamics of dengue
fever among humans and mosquitoes. This model’s precision is validated against sim-
pler models, showcasing its ability to provide detailed insights into dengue transmission
mechanisms. This contribution aids in the development of targeted control strategies,

potentially reducing the disease’s impact.

. West Nile Virus (WNV) Transmission Dynamics and Climatic Influences: We details a
real-time prediction system for WNV that incorporates a adapted compartment model
SEIR-SEI-SEAC to describe the transmission dynamics among birds, mosquitoes, and
humans, including the role of climate variables. This system’s ability to generate
accurate weekly forecasts represents a substantial advancement in understanding and

managing WNV outbreaks.

. FMD Transmission Impact and Mitigation Strategies: The dissertation explores the
complex transmission dynamics of FMD through a multi-layer network model, ad-
dressing the effects of direct and indirect contacts on disease spread. It particularly
highlights the effectiveness of information-sharing strategies in outbreak mitigation,

offering a novel approach to managing FMD outbreaks in livestock populations.

. Comprehensive Dengue Risk Information Aggregation: Through the development of the
PICTUREE—Aedes web application, We aggregate dengue-related data from multiple
sources, including global daily temperature, global daily precipitation, Aedes mosquito
occurrence, and dengue case occurrence. The PICTUREE—Aedes web application
also provides temporal and spatial estimations of the Aedes mosquito population, the
dengue transmission reproduction number, and the dengue risk globally. This platform

employs advanced forecasting algorithms to predict ongoing dengue outbreaks.
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In summary, this dissertation’s contributions lie in its development of advanced fore-
casting models and simulation tools for infectious diseases, enhancing our understanding of
disease dynamics and providing valuable insights for public health intervention and policy-
making. By addressing these critical research questions, the work advances the field of
infectious disease modeling, offering innovative solutions to predict and mitigate the impacts

of these diseases on public health.

1.7 Dissertation structure

The dissertation is structured as follows. Chapter 1 provides an overview of the background,
motivation, research questions, and contributions of the study. In Chapter 2, we present
a short-term forecasting system developed specifically for COVID-19, detailing its method-
ology and implementation. Chapter 3 introduces a vector-borne disease model, SEIR-SEI,
designed to capture the transmission dynamics of dengue fever. To validate its accuracy, this
model is compared with a simpler counterpart commonly used in the literature. Chapter 4
elaborates on a real-time prediction system for WNV, detailing an adapted compartment
model that accounts for transmission dynamics among birds, mosquitoes, and humans, while
considering the influence of climatic factors. In Chapter 5, we delve into the simulation of
FMD transmission, examining the role of animal trade and vehicle sharing, and assessing
the effectiveness of mitigation strategies, particularly information sharing, across different
participation levels. Chapter 6 presents the development of the PICTUREE-Aedes web ap-
plication, which serves as a comprehensive platform for aggregating dengue-related data,
conducting risk simulations, and predicting ongoing dengue outbreaks. Lastly, Chapter 7
offers key conclusions and their limitations of this dissertation, and suggests future research

endeavors.
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Chapter 2

Short-term forecasts for the
COVID-19 epidemic in Hubei

Province, China

2.1 Introduction

The 2019 novel coronavirus disease (COVID-19) emerged in Wuhan City, Hubei Province of
China, in the late fall of 2019°. The highly contagious virus outbreak during the Chinese
Spring Festival period made containment an unprecedented challenge. The risks of human-
to-human transmission, long persistence on surfaces, and asymptomatic infections increased
spread and made case detection difficult®”. Increasing case reports saturated hospitals in
Hubei Province, overwhelming medical resources. Despite the high case reports, the true
infection rate was likely under-reported, as infected individuals with only mild symptoms
might have recovered without being detected .

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
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cities, suspending all public transportation and advising residents to stay at home?%2°. Since
February 8th, a door-to-door check was started in Wuhan to take all confirmed and suspected
people into medical care, which ended 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 char-
acteristics such as the time from infection to illness onset (incubation period) and the time

52728 Researchers

from illness onset to hospital admission or isolation (infectious period)
have used the reported cases during the early stage of the epidemic and predicted the epi-
demic trajectory, the basic reproductive number R, which ranges from 2.2 to 6.62%%.

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 aim to apply mathematical modeling to describe the epidemic dy-
namics of COVID-19, and use the ensemble Kalman filter for short-term forecasting of the
cases reported in Wuhan City. Mathematical modeling can forecast the size and timing

of epidemics, so resource allocations and decision-making can be optimized to maximize

intervention strategies.

2.2 Model

To describe the epidemiology of COVID-19 pneumonia, we use the Susceptible-Exposed-
Infectious-Removed (SEIR) compartmental model >%3% shown in Fig. 2.1, which divides the
population into four compartments susceptible, exposed, infectious, or removed. Susceptible

nodes refer to people free of the virus and can become infected due to contact with infectious
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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 equations for the state transitions are shown

in equation 2.1.

S'(t) = —pIS

E't) = BIS—4E (2.1)
I't) = 6B —~I

R(t) = ~I

Figure 2.1: SEIR compartmental model

Here [ is the infection rate; ¢ is the transition rate from the exposed compartment to the
infectious compartment; v denotes the removal rate. We assume that the infection process
of each infectious individual is Poisson and statistically independent and that the removing
process for every infected individual is also Poisson. Considering that the population flow,
prevention measures, and self-quarantine could affect the infection rate, we take the infection
rate  as a time-varying parameter. The other two rates 6 and v are set as constants 1/3
day-1 and 1/4 day-13'.

Short-term prediction is provided for the COVID-19 spreading in Wuhan city using the
Kalman filtering, which consists of model state estimation at each observation time based
only on the observation up to the present. Considering that there is an unknown time-
varying parameter § in the SEIR model which cannot be dealt with by widely used classic
Kalman filter®? and extended Kalman filter3?, a dual state-parameter estimation filtering
method-ensemble Kalman filter (EnKF) is used for our study®***. EnKF is based on Monte

Carlo, where the approximation of forecast (a priori) state error covariance matrix is made
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by propagating an ensemble of model states using the updated states (ensemble members)
from the previous time step.
Let the state variables (SETR) be defined as zpinR?, the time-varying parameter SinR.

Consider the problem described in equation 2.2,

where ¢ and v are model and observation noise which are assumed to be normally distributed
and with zero mean and the covariance known.

As the true states are generally unknown, we use the ensemble mean as the best estimate
of the true state. The error covariance matrices for the predicted and filtered ensemble are

given by equation 2.3.

P~ = E[G —-EF)GE - EF )

P = E(@-E@)@E - E[])'] (2.3)

where P~ is the error covariance matrix associated with the forecast estimate (prior), P is
the one associated with the updated estimate (posterior),z~ is the ensemble vector of the
forecast estimate from model equations. In the ensemble presentation, the model states x
and the time-varying parameter 3 can be put together in a matrix AinR>*Y, holding N

ensemble members.

xl x2 DY xN

Bl 52 BN

The ensemble covariance then can be presented as P = ﬁ(g - Z\)(A\ - Z\)T, A= S A %

1nx1. The measurement can also be formulated in an ensemble presentation Y = [yly2...yV],
2. V]

e = [v'vi. . y* = y+v*, y denotes the true measurement and v* is the perturbation term.
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N-1

The measurement covariance matrix can be estimated as V' =

Specify the situation we are dealing with, A = [SETRf]T. The measurement is the total
number of confirmed cases reported by the National Health Commission of China, which is
compared with the number of removed populations in our model. Therefore, y = C' x A
where C' = [00010].

As the criteria for counting the confirmed cases were changed on February 12th, 2020,
there is a jump in the reported number of confirmed cases. Taking this into account, we
separate the whole period into period 1 (from January 26th to February 11th) and period
2 (from February 12th to February 27th) and run simulations in two steps. First, we run
simulations for period 1 and estimate the infection rate 3. Then, we take the estimated /3
on February 11th and the reported number of cases on February 12th as the initial 8 and
initial removed population for period 2, respectively, and run simulations. The number of

iterations is 250 in every predictive simulation.

2.3 Results

The predictions of COVID-19 cases in Wuhan city from February 22nd to March 1st are
conducted. The model noise and measurement noise are tuned by modifying the approach
proposed by 3.

Fig. 2.2 shows the distributions of the predicted numbers of COVID-19 cases for 1-day-
ahead, 2-day-ahead, and 3-day-ahead. The solid black lines indicate the maximum and
minimum prediction results on each day. The blue box presents the range from the lower
quartile to the upper one. The red line inside the box indicates the median of the samples.
We can see that most predictions converge to a small range and that most medians are
very close to the corresponding real data. Taking the median as our predicted number gives
the relative error shown in Fig. 2.2d. The mean absolute percentage error (MAPE) for 1-
day-ahead prediction is 0.24%; the MAPE for 2-day-ahead prediction is 0.52%; the one for
3-day-ahead is 1.23%. The performance of 1-day-ahead prediction is the best and the one of

3-day-ahead is the worst. When the n-day-ahead prediction is conducted, the results from
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(n-1)-day-ahead is used, so the errors accumulate.

If we choose the average number of the samples as our predicted number of COVID-19
cases, the results and their relative errors are presented in Fig. 2.3. The MAPE for 1, 2,
3-day-ahead predictions are 0.24%, 0.52% and 1.23%, which are equal to the ones when the
medians are predicted numbers.

The self-quarantine policy was carried out on January 23rd in Wuhan and a series of
administrative actions were taken to prevent the disease from spreading. Taking the latent
period into consideration, we started to estimate the infection rate § from January 26th.
On February 12th, Wuhan authorities changed the case definition to include symptomatic
patients in addition to tested ones. Therefore, we present estimations of 5 for period 1 (from
January 26th to February 11th) and period 2 (from February 12th to February 27th), which
are presented as the blue line and the red line in Fig. 2.4. The orange line in Fig. 2.4 presents
the removal rate. From the results, we see that the infection rate 3 is less than the removal

rate v after February 10th, which means the epidemic had peaked in Wuhan.

2.4 Summary

In this chapter, the ensemble Kalman filter is used to make short-term predictions of the
COVID-19 cases in Wuhan City, which resulted in accurate forecasts of daily case reports.

The model is able to predict daily cases and the epidemic peak. Knowing the daily cases
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from forecasts three days in advance allows for the proper resource allocation. The ensem-

ble Kalman filter also allows parameter estimation, which is extremely useful for modeling

purposes.
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Chapter 3

Estimating and Forecasting Dengue

Outbreak Dynamics

3.1 Introduction

Dengue fever is an acute mosquito-borne viral disease that has spread rapidly in tropical
regions over the past decades®’. During large dengue outbreaks, public health officials and
healthcare facilities often cannot deploy medical personnel, or administer treatment resources
and emergency vector control measures in a timely and efficient manner. Therefore, an
accurate incidence forecast and advance warning system of dengue outbreaks can reduce
morbidity and mortality by proactively positioning resources or targeting mosquito control
to high-risk areas forecasted to have increased cases. A study in 2017 showed that dengue is
increasing at the highest rate (400% between 2000 and 2013) among communicable disease,
which placed a heavy social, economic and health burden globally®. Worldwide, there is an
estimation of 360 million dengue infections per year®. In Singapore, large dengue outbreaks
occurred almost every 5-6 years since the late 1980s despite the public health efforts®. Dengue
is endemic in Brazil and more than 11 million cases was reported from 2000 to 2016'°. In
Taiwan,large dengue outbreaks were recorded in 1981 (about 13000 cases over 15000 residents

on Liu-Chiu Islet, Pingtung), 1988 (approximate 5000 cases in Kaohsiung), 2014 (15429 cases
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in Kaohsiung) and 2015 (43419 cases in Tainan) %9
Recent literature has described a number of approaches to forecast infectious disease
outbreaks. One class of methods are based on the mechanistic disease models which can be

40744 Among the mathematical models appropriate for

described by differential equations
infectious disease, the Susceptible-Infectious-Recovered (SIR) model is the simplest one. In
the SIR model, individuals are divided into 3 compartments and each compartment repre-
sents a state in the disease progression. Susceptible individuals can become infected and
infectious by contact with infectious ones; people who recover from infection are presented
by recovered’. Based on the SIR model, the SEIR model introduces the new compartment
E (exposed) describing the state when individuals are infected but not yet infectious. Other
SIR-based models are also commonly used for disease forecast, like S-E-I-H (hospitalized)-F
(funeral)-R model in?! to predict the 2014-2015 Ebola epidemics in Liberia, SRS model

46 For vector-born disease such as dengue fever whose

for seasonal influenza prediction in
infections occur alternatively between hosts (human) and vectors (mosquito), the SEIR-SEI
(host-vector) model was developed and commonly used to simulate the transition dynamics
of vector borne disease*” ", However, to our knowledge, there is no previous research that
uses the SEIR-SEI model to estimate the model parameters and to forecast the incidence.
Another class of methods based on machine learning techniques are used to predict the

5152 - Tn order to have an accurate assessment

number of confirmed cases during epidemics
about the epidemic size, health officials also need to have an estimation about the number
of the infectious population who are not yet confirmed and the exposed population, which
cannot be achieved by machine-learning approaches because machine learning models gen-
erally cannot describe the explicit relations between the observation (confirmed cases) and
estimations (infectious and exposed population). However, the mechanistic models can be
used to estimate all state variables, infer the disease transition rates, describe the outbreak
characteristics, and provide understanding of the epidemic dynamics.

The classic Kalman filter (KF) was designed for data assimilation problems of linear

system by R.E. Kalman in 1960°3. An early adaption of KF is the extended Kaman fil-

ter (EKF), which can solve the nonlinear problems by linearizing the nonlinear systems.
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However, the usage of EKF on large-scale or severe nonlinear systems always requires high
computational cost and closure approximation from neglecting higher order derivative terms
of the model. The EnKF was introduced as a parameter and state estimation method by
Evensen in 1994 to resolve the closure problems of EKF. In the next decades, the EnKF
has been widely applied to many fields, like state and parameter estimation on reservoir
models®, hydrological models®®, and doubly fed induction generators®”. For dengue trans-
mission, the inference of the model parameters is a difficult task because the characteristics
and transmission patterns of dengue are influenced by environmental and meteorological fac-
tors and human interactions®®. EnKF is one of the most popular approaches to estimate the
key parameters of disease models.The EnKF method in conjunction with an SEIR disease

% and to develop a

model was used to produce short-term prediction of Covid-19 cases in
real-time forecast system of hand-foot-and-mouth disease outbreaks in“*. In addition, the
estimation of the local female mosquito abundance®, which plays a very important role on
dengue transmission, has not been used for dengue incidence forecast.

The performance of six filtering methods were compared to forecast the seasonal influenza

61, Those methods were the basic particle filter (PF), the maximum likelihood

activity in
estimation via iterated filtering (MIF), the particle Markov chain Monte Carlo (pMCMC),
the ensemble Kalman filter (EnKF), the ensemble adjustment Kalman filter (EAKF'), and the
rank histogram filter (RHF). The EnKF, the EAKF, the RHF and the PF more accurately
forecasted the outbreak than the MIF and the pMCMC because the ensemble filters (EnKF,
EAKF, and RHF) and the PF are able to adjust the model parameters prior to each iteration.
They concluded that the performance of PF degrades when a larger or more complex system
was applied, and that the EnKF performed better than the EAKF because the EnKF is a
stochastic filter while EAKF is purely deterministic.

The goal of this chapter was to develop a new model to estimate and forecast dengue
outbreak dynamics by integrating the SEIR-SEI disease model with the EnKF assimilation
method. At first, we designed twin experiments where the SEIR-SEI-EnKF model assimi-

lated the synthetic weekly dengue cases and produced accurate estimations and predictions

of states and parameters. Second, the model estimated and forecasted the dengue outbreaks
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in Kaohsiung Taiwan, Singapore, and Rio de Janeiro Brazil by assimilating the historical
time-series incidence. The estimated and predicted cases corresponded to the observed cases
and the model was able to provide estimations of the exposed and infectious human popula-
tion dynamically. Furthermore, we performed a comparison on the forecast accuracy of the
SEIR-SEI-EnKF, SEIR-EnKF, and SIR-EnKF models. The results showed the SEIR-SEI-
EnKF model had the most accurate forecasts. In this study, the EnKF and the SEIR-SEI
disease model were integrated for the first time to estimate and forecast the epidemic dy-
namics for vector-borne disease like dengue fever, the model was able to provide parameter
and state estimation and dengue case forecast, and the model demonstrated to have more
accurate forecasts than the other two commonly used models. This dengue epidemic estima-
tion and forecast model will potentially help healthcare agencies prepare and adapt to the

changing situation during dengue outbreaks.

3.2 Method

3.2.1 Data

In this study, weekly dengue incidence data in Kaohsiung Taiwan (population 2,773,533)
from epidemic week 27/2015 to 5/2016%2, Singapore (population 5,913,813) from epidemic
week 1/2020 to 50/2020% and Rio de Janeiro Brazil (population 6,023,699) from epidemic
week 7/2015 to 42/2015% were used.

In this chapter, we presented the estimation and forecast results in Kaohsiung Taiwan,
and the results in Singapore and Rio de Janeiro were presented in the appendix A. Since the
reported dengue cases were the number of people who were diagnosed and hospitalized, we
assumed that they were not able to infect others. Therefore, we used the cumulative weekly
case count as the observed recovered population in this study.

Dengue is transmitted by the bite of adult female mosquitoes. The regional number of
female mosquitoes is greatly influenced by climate conditions like precipitation and tempera-

ture. Mosquito population modeling® used the regional environmental data to estimate the
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local female mosquito abundance. The estimated female mosquito abundance of Kaohsiung

was generated this way.

3.2.2 Disease model

In order to describe the transmission of dengue virus between host and vector population
groups, the SEIR-SEI disease model is used. We consider the populations involved in disease
transmission, which include humans of all ages and both sexes and adult female mosquitoes.
The population of each species is divided into different compartments, which are referred to
as state variables. Compartments for the human population are 1) susceptible (Sg ), defined
as the population that is unexposed to the virus but can be infected by the bites from the
infectious mosquitoes; 2) exposed (Fy), defined as the population that is infected but not
infectious; 3) infectious (Iy); 4) recovered (Rp), defined as the population that is recovered
or died. Compartments for the vector population are 1) susceptible (Sys); 2) exposed (Ejr);
3) infectious (Ips). Once the mosquitoes become infectious, they are assumed to remain so
until death.

Considering that the transition from the susceptible to the infection for each species
depends on the biting rate of the mosquitoes and the transmission probability. The infection

rates per susceptible human and susceptible mosquito are given by

Nur. Iy Iy -
T — 2 = T 1
PH Ny N pPH Ny 5H M (3 )
Iy Iy -
b—— = b—— = I 3.2
Pm Ny Pm Ny Bl ( )

Where Ny and N, denote the human and mosquito population size respectively. The biting
rate b is the average number of bites per mosquito on humans per day, which is influenced by
a number of factors, like climate conditions, mosquito longevity, and so on; the transmission
probability p is the probability that the susceptible can be infected per infectious bite.
Bu = pub,By = pub are the infection rates for each species. Iy = JIV—J‘;, Iy = ]{,—’; are the

normalized values of the infectious population.
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Transitions between compartments shown in Fig. 3.1 are described by equation(3.3).

) = Aw— BuSulyv — pa Sk

) = BuSuly — (0n + pm)En

) = ouEw— (vu+pu)ly

) = yuly — puRy (3.3)
) = A—BuSuly — Sy

) = BuSulu — (0ur + piar) Ent

)

= 5MEM - NMjM

Figure 3.1: SEIR-SEI compartmental model

Where Ay denotes the birth rate for humans; 1 denotes the death rate for both species;
0 denotes the transition rate from exposed to infectious; v denotes the transition rate from
infectious to recovered; A denotes the normalized mosquito emergence rate. In this study,
the birth rate and death rate for humans are approximated as 0, Ay = 0, ug = 0. A report
from WHO shows that the incubation time of dengue on human is 4 — 10 days and the
infection duration is 2 — 7 days®, so the rates 6z and vy satisfy the following distributions
i ~ N(7,1.5), VLH ~ N(4.5,1.25); the average lifespan of an Aedes mosquito in nature is
two weeks and the incubation time in the mosquito is about 10 days, so the death rate and
incubation rate for mosquito satisfy ﬁ ~ N(14,0), %H ~ N(10,0).

The number of new cases at time ¢ is given by NC'y(t) = Ry (t) — Ry(t — 1).

The other two simpler disease models — SIR model and SEIR model, are often used for
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dengue incidence forecast. The SIR model is expressed in the following equations (3.4).

SH(t> = Ay — BHSHjH - ,LLH§H
Iy(t) = BuSuly — (vu + pn)ln (3.4)

Ry(t) = yuly — puRy

5;{(75) = Au—BuSuly — paSu

Eyt) = BuSuly — (Ou + pm)(E)n (3.5)
Iy(t) = uEw— (vu + pu)lu

R}{(t) = yuly — puRy

The variables in (3.4) and (3.5) denote the same states or parameters as they do in the
SEIR-SEI model. In the transition process of both models, the intervention of mosquitoes

is completely ignored.

3.2.3 Forecast model

In order to estimate the unknown parameters and the state variables, we used an efficient
data assimilation algorithm — the Ensemble Kalman Filter (EnKF). The EnKF maintains
an ensemble of the state variables and the unknown parameters. Let the state variables
defined as x;, € R™*!, the unknown parameters ®;, € R™*!, where n is the number of states
variables, and m is the number of the unknown parameters. In the ensemble presentation,

they can be put together in a matrixA; € R™*™>*N holding N ensemble member at time k

xbox2 L 2l

A, = |8 7F F (3.6)
1 ¢2 N
k k Oy k
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The prior at time k + 1 AI;H is given by the equation (3.7)

~ ~

w1 = f(AR) + a, (3.7)

where A is the posterior at time k, f is the model system, and ¢ is the model noise.
In this method, the ensemble mean /Al,; is the best estimate of the true states. Therefore,

the ensemble covariance for prior at time k P, is given by equation (3.8).

The ensemble presentation of measurements can be formulated as

Yy = {Uiﬁ i y,]f} = Yk + €k, (3.9)
where y;, is the true measurement and ¢, is the perturbation vector.
Y, = H A (3.10)

H;, is the measurement index matrix at time k. The measurement covariance matrix V, at

time k can be estimated as

T
=k 3.11
e=Nq (3:11)

The Kalman gain is given by
G = Py H (H.P; HI + Vi)™ (3.12)

The posterior and its covariance are then updated by

A = A, + GV — HiAy), (3.13)
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Table 3.1: Preset parameters © and initial conditions zy of SEIR-SEI model

) B Om VH A Bm oM |33
Values |2.5,1.5 (0.7 0.75 0.2,0.15 |2.5,1.5 (0.5 0.5
T Sto Eno Tho Rpo Swro Eno Iy
Values [0.99995 [0.00002 [0.00003 |0 0.1 0.0005 |0
1 o = o =
P, = —N 1 (Ak - Ak)(Ak - Ak)T' (3'14)

In this analysis, the ensemble mean of the prior A,; is our forecast at time k, and the ensemble

mean of the posterior Ay, is the estimation of the states and parameters.

3.2.4 Twin experiments

The twin experiments are an effective method to verify the feasibility and evaluate the

accuracy of parameter estimation techniques®’.

In the twin experiments, a disease model
with a prescribed value of parameters is simulated to produce time-series observations of state
variables. Then, we take the parameters of interest as unknown ones and use the “observed
states” as measured data to estimate those unknown parameters by EnKF. Therefore, by
comparing the estimated value and the prescribed value of the parameters, we can test the
correctness and evaluate the accuracy of the estimation method.

In this chapter, synthetic time-series of dengue epidemic dynamics and mosquito abun-
dance are generated by an SEIR-SEI model whose parameters and initial states condition
are listed in Table 3.1. In this simulation, the prescribed values for By, B, and A are
piece-wise constant, which means their values have a step change at week 26. This action
is aim to mimic the dynamic characteristics of these parameters. We add white noise (zero
mean and 0.0001 variance) to the synthetic time-series data of the state Ry (total confirmed
dengue cases) and the sum of Sy;, Ey and Ij; (mosquito abundance). Then, they are input

to the EnKF as the observations. The estimated parameters and states by EnKF will be

compared with the synthetic model to evaluate the performance of the EnKF.
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3.2.5 Estimations and forecasts of the SEIR-SEI-EnKF model

The weekly series of dengue cases (30 weeks in total) and the mosquito abundance in Kaohsi-
ung Taiwan is used to train and test the SEIR-SEI-EnKF model. The training period is from
week 1 to week 22. The system assimilates the observations during the training period to
estimate the parameters and states. The predictions are produced at the end of the training
period for the next 5 weeks, and the reported dengue cases from week 23 to week 27 are
used to evaluate the prediction accuracy. The simulation is replicated 200 times, each model
state is initialized with a positive random value at the beginning of each simulation. The

average estimations and the distribution of the predictions are presented in the results.

3.2.6 Real-time predictions of different disease models

Three disease models — SEIR-SEI, SEIR, and SIR model are applied to the EnKF separately
to produce the real-time predictions of the dengue cases in Kaohsiung Taiwan. The predic-
tion and the assimilation occur at the same time i.e. the systems produce predictions for the
next 5 weeks at each week after the observation is updated. Thus, 5 steps of predictions are
produced in this simulation (predictions in step 1 are the predictions for the next week, pre-
dictions in step 2 are the ones in 2 weeks, etc.). Simulations for each model are repeated 200
times. The root mean square (RMS) errors between the predictions and the corresponding

observations are calculated.

3.3 Results

3.3.1 Twin experiments

Fig.3.2a shows the estimated value and prescribed value of unknown parameters. In the
figure, the estimated infection rate from mosquito to human Sy converges to the prescribed
value after week 13 and follows the change at week 26 (1-week delay) and finally becomes

stable at 1.8 (20% error); the estimation of ), has a large overshot and oscillations but it
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converges to the first-stage prescribed value after week 20, the EnKF detects its step decrease
at week 26 and the curve converges after week 30; the estimated value of mosquito emergence
rate A matches exactly with the prescribed one after week 7 and EnKF can detect its step
change from the observation immediately.

Figs.3.2b, 3.2c show the estimated and predicted epidemic dynamics on both populations.
The blue curve in each graph shows the “real” epidemic dynamics (week 1 to week 45); the
red curve shows the estimated ones (week 1 to week 35); the orange curve shows the predicted
ones (week 36 to week 45). For the human population, the value of Ry is the observation
and the value of other states is unknown. As shown in Fig.3.2b, the estimated and predicted
values of all states are very close to their real value except the peak values of states Ey and
Iy. In addition, the estimated epidemic peak week (the week when I} reaches the maximum)
matches the real one. The errors for the peak value of states Ey and Iy are 20% and 13.5%.
For the mosquito population, the total number of female mosquitoes is observed. As seen
in Fig.3.2c, the estimations and predictions on states Sy; and Ej; are almost accurate. For

state I)s, the error is relatively large, but the estimation captures the trend of real data.

3.3.2 Estimations and forecasts of SEIR-SEI-EnKF model

The estimated weekly infection rates of dengue for both species and the mosquito emergence
rate are shown in Fig.3.3a. Dengue cases were detected from the first week but the infection
rates are very low in the first 10 weeks. During the high-incidence period (week 10 to week
22), the infection rates for both species keep increasing to their peak value at week 21 (1.52
for Sy and 5.65 for f5); the mosquito emergence rate A has two “steady states” — around
3.3 x 107* before peak weeks and around 1.8 x 10™* after. The value of infection rate Sy is
much greater than Sy, which means mosquitoes are more likely to be infected by infectious
humans. The estimations and the forecasts of the model states are presented in Fig.3.3b, 3.3c.
On the graph, the dots are estimated values of each state; the boxes are the distribution
of the predicted value over 200 repeated simulations (the red line inside the box is the

median, the upper and lower edges are the quantiles); the solid line is the observed recovered
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Table 3.2: statistics of the predictions

Predictions Week 23 | Week 24 | Week 25 | Week 26 | Week 27
Upper quantile |17550 18426 18926 19231 19407
Median 17469 18217 18641 18876 18978
Lower quantile |17374 18040 18373 18514 18067
Real value 17542 18439 19066 19428 19682

human population. In Fig.3.3b, the estimated recovered human population perfectly matches
the observed data. The statistics of the predictions are listed in Table 3.2. Taking the
median as our best forecast, the root mean square (RMS) error is 455 which is over 40 times
smaller than the real values. The estimated peak week for the exposed human population
and infectious human population is week 21. The estimated normalized magnitude of the
infectious population is 9.8 x 10~* which means the estimated maximum infectious population
is 2715. The epidemic dynamics of the mosquito population are shown in Fig.3.3c. The
estimated number of infectious mosquitoes is very high from week 10 to week 22, which

corresponds to the high-incidence period for the human population.

3.3.3 Real-time predictions of different disease models

We further test the prediction performance of the SEIR-SEI-EnKF model by comparing its
real-time prediction results with the SEIR-EnKF model and the SIR-EnKF model. Each
model assimilates observations each week and produces real-time predictions in the next 5
weeks.

Fig.3.4 shows the prediction results of the total confirmed cases, which is the predicted
recovered human population. The 1-step prediction refers to the predictions for the next week
of the observation; the 2-step prediction is the predicted cases in 2 weeks of the observation
week, etc. In the figure, dots present observations, and the curves present the predictions
of different models. Overall, the first 3 predictions of all 3 models correspond well with the
observations. In the step 4 prediction and the step 5 prediction, the SEIR-SEI-EnKF model
underestimates the cases while the SEIR-EnKF model and SIR-EnKF model overestimate
that.
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Figure 3.4: Real-time predictions of total confirmed cases

The real-time predictions of the weekly new confirmed cases are presented in Fig.3.5.
The new confirmed cases are given by NC% = Ry — R.', which is not a state of the
disease model. Meanwhile, the reported weekly cases are not the model observation either.
The relative errors of the weekly case predictions are greater than that of the confirmed
case because the EnKF adjusts the model parameters and calculates the Kalman gain by
the error between the prior and the corresponding observation which is the total confirmed
cases. The step 4 and the step 5 predictions of each model are not able to reflect the weekly
new confirmed cases. The peak week of the reported weekly confirmed cases is week 21; the
predicted peak weeks of the SEIR-SEI-EnKF model are week 22 for step 1, week 22 for step
2, and week 23 for step 3; those of the SEIR-EnKF model and SIR-EnKF model are week 22
for step 1, week 23 for step 2, and week 24 for step 3. The peak value of the reported new
confirmed cases is 2569 and Table 3.3 lists the predicted peak values of new confirmed cases
for each model and their absolute relative errors (ARE) with the reported one. The results
show that the models can detect the peak of the newly confirmed cases by observing the
total confirmed cases and that the SEIR-SEI-EnKF model has a more accurate performance
in predicting the peak time and peak value of the weekly confirmed cases.

To evaluate the prediction performance more objectively, we calculate the RMS error of
each prediction. Fig.3.6 shows the RMS errors over each prediction step for each model and

there are three evident patterns: (1) the 1-step prediction errors for all 3 models are very
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Table 3.3: Peak value of predicted new cases and their absolute relative errors (ARE)

Peak/ARE |1 step 2 step 3 step Average ARE
SEIR-SEI |2382/7.3% [2054/20% 1725/32.9% [20.1%
SEIR 3070/19.5% |3624/41.1% |4299/67.3% |42.7%
SIR 3016/17.4% |3550/38.2% |4200/63.5% {39.7%

close, which means that all 31 models can have very good performance when we only forecast
the cases in the next week; (2) for each model, the errors over the earlier prediction steps
are smaller; (3) the prediction errors for SEIR-SEI-EnKF model are smaller than those for
SEIR-EnKF model and SIR-EnKF model. Moreover, the errors for the SIR-EnKF model
increase exponentially with the prediction weeks. Therefore, when we try to forecast the
dengue cases in the long term, the SIR model is not robust and reliable. The prediction
errors from the SEIR-EnKF model are smaller than the SIR model but greater than the
SEIR-SEI model, and they increase faster than the SEIR-SEI-EnKF model.

3.4 Discussion

In this chapter, we developed a new SEIR-SEI-EnKF model for estimating and forecasting
dengue outbreak dynamics. The model estimated the model parameters and states and
dynamically produced accurate short-term forecasts by assimilating the observations.

Dengue fever is a mosquito-borne viral disease that is dependent on mosquito and hu-
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man interactions. Consequently, high mosquito populations are correlated with elevated
viral transmission and infection rates. In disease transmission, the infection rates and the
mosquito abundance are essential factors that have a great influence on the overall epidemic
size. Weather conditions, such as warmer temperatures and increased precipitation, are
correlated to increased viral transmission, whereas human interventions (mosquito manage-
ment) reduce contact with mosquitoes which reduces transmission. In our disease model, the
three estimated parameters (two infection rates Sy, Sy, and the mosquito emergence rate
A) were taken as small positive random constants initially and adjusted during assimilation
by EnKF. The dependence of these parameters on weather added error to the estimations if
local weather data was not available.

The SEIR-SEI model generated more accurate forecasts because it accounted for the
mosquito population when forecasting dengue transmission. Another reason for the increased
accuracy was that the SEIR-SEI model had a higher degree of freedom than the other two
models; thus, the SEIR-SEI model had more flexibility to fit the data. Higher degree systems
become over-fitted when more observations are fed into the systems. Our forecasts in three
cities demonstrate SEIR-SEI model is the better-fitted one than the SIR and SEIR models.

Based on the simulations of the synthetic data and the simulations of the historical
time-serial data, the SEIR-SEI-EnKF model is reliable at estimating and predicting dengue

outbreak dynamics. During an ongoing dengue outbreak, this model can produce incidence
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predictions and estimate the current exposed and infectious populations, which is required
for public health agencies to optimize the treatment resources and take control measures in
advance.

There are several limitations in our study. First, the collected dengue case data did
not include the infected population who did not seek medical assistance, which rendered the
reported dengue cases the lower bound of the actual case. Further, the estimated parameters
(two infection rates By, By and the mosquito emergence rate A) might be better estimated
using available weather data and this will be one of our limitations and future work. This
study did not compare all possible adaptions of disease models; there might be an adaption

of the SEIR-SEI model which has a more accurate forecast than the SEIR-SEI model.
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Chapter 4

Real-time forecasting and estimating

for West Nile virus

4.1 Introduction

West Nile virus (WNV) is a mosquito-borne arbovirus first identified in the West Nile District
of Uganda in 1937. Since then, WNV has spread to other parts of the world, including Eu-
rope, the Middle East, North America, and West Asia, and received widespread attention®.
The United States has experienced seasonal outbreaks of WNV since its initial detection
in New York City in 1999'2. Some years have seen a particularly high number of reported
cases. For example, in 2003, there were over 9,800 reported cases of WNV in the US!3. The
year 2012 was marked by the highest number of severe cases and deaths, with over 5,600
total infections, 2,873 neuroinvasive cases, and 243 deaths'*. Recent data from the Centers
for Disease Control and Prevention (CDC)! indicate that in 2023, there were 2,406 detected
WNYV cases in the US, with Colorado reporting the highest number of cases (631) among
states. As WNV outbreaks occur annually in the US, long-term predictions of their timing,
magnitude, and duration are crucial for public health officials in resource allocation and
implementing targeted prevention and control measures. Additionally, accurate parameter

estimation and short-term real-time prediction of ongoing outbreaks are essential for imme-
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diate response and intervention, resource optimization, and predictive model refinement.
Recently, forecasting the outbreaks and severity of WNV and other infectious diseases has
become a critical area of research. To achieve this, a diverse range of approaches has been de-
veloped. These include statistical methods such as time series analyses®, logistic regression
models™, and machine-learning approaches™, that focus on fitting historical observations
to identify risk factors and predict outbreak likelihood. Additionally, mechanistic models
that utilize the susceptible-infected-recovered (SIR) framework cooperating with data as-
similation methods are also employed to estimate and forecast the transmission dynamics of
disease outbreaks 7. The CDC’s WNV Forecasting Challenge is an example of improving
public health response to WNV through predictive models. In this challenge, participating
teams are provided with annual West Nile Neuroinvasive Disease (WNND) cases from pre-
vious years to forecast annual WNND cases for each county in the contiguous United States

using a variety of modeling approaches”:™,

However, the task of year-long forecasting
is complicated by global warming, which leads to significant yearly variations in local tem-
perature and precipitation. Numerous studies have underscored how these environmental

factors influence WNV transmission 7678

. This variability presents challenges in accurately
capturing the outbreak dynamics in regions experiencing erratic weather conditions. To ad-
dress this issue, the development of a real-time forecasting system could provide a solution,
offering more immediate and adaptive predictions to guide public health interventions.

For the real-time forecasting of infectious disease, a model-inference framework that
consists of an epidemiological model, up-to-date surveillance data and a data assimilation
method has been widely used ™®°. In this framework, the epidemiological model is used for
understanding the spread of infectious diseases within a population, the SIR (Susceptible -
Infectious - Recovered) model is a fundamental one®!. Given its simplicity, the SIR model
has been adapted and extended in various ways to better capture the complexity of real-
world disease transmission. For instance, the SEIR model adds an 'Exposed’ category to
account for incubation periods, offering insights into COVID-19 and Ebola outbreaks®%%3,
Similarly, the SEI-SEIR model adapts to vector-borne diseases like dengue, illustrating the

84

intricate interplay between human and mosquito populations®*. The transmission cycle of
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West Nile Virus (WNV), involving multiple hosts and vectors—birds, mosquitoes, and hu-
mans—necessitates a more complex modeling approach. A specialized compartmental model,
denoted as SyE [ Ry — Syl — SyERLL Ry, is proposed to capture the unique epidemio-
logical characteristics of WNV in®. The data assimilation method is used to integrate new
surveillance data into the epidemiological model to update predictions and reduce uncertain-
ties. Techniques such as the ensemble Kalman filter (EnKF)®%6 particle filter (PF)®7®® are
commonly used for this effort. The EnKF, by updating predictions with each new piece of
information, significantly refines the accuracy of short-term forecasts and contributes to a
more comprehensive understanding of disease transmission dynamics.

This chapter enhances the existing methodology for real-time prediction of WNV. We
first introduce an adapted compartment model that describes the transmission dynamics of
WNYV among birds, mosquitoes, and humans, incorporating both the infected asymptomatic
human population and the significant impact of climatic factors such as temperature and
precipitation on disease spread. We further assimilate reported human WNV cases from
Colorado in 2023 into our model using the EnKF for robust data assimilation. This inte-
gration enables us to generate weekly forecasts of human WNV cases throughout the 2023
season. Such forecasts are invaluable for public health planning and intervention strategies.
Moreover, our forecasting system estimates the epidemic dynamics of each involved popula-
tion and calculates infection rates, providing critical insights like the estimated numbers of
asymptomatic individuals and infectious mosquitoes. The precision of our forecasts is rigor-
ously evaluated using the absolute root mean square error of the average forecasts and the
logarithmic score of the forecasted new cases. By conducting a comparative analysis with
models that omit climatic variables, we demonstrate that incorporating temperature and
precipitation significantly enhances the accuracy of our forecasts. This finding underscores
the crucial role of environmental factors in predicting WNV transmission and highlights the
potential for improved public health responses through the integration of weather data into

epidemiological modeling.
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4.2 Materials and Methods

4.2.1 Data

The data utilized in our analysis is sourced from the following references: for Colorado West
Nile Virus cases, we relied on data provided by the Colorado Department of Public Health
and Environment, available at®’; for United States weather data, we accessed comprehensive

90

weather information from”. These reliable sources ensure the accuracy and credibility of

the data used in our analysis.

4.2.2 Disease model

The primary transmission cycle of WNV is between birds and mosquitoes. Many bird species
are reservoir hosts for the virus. When a mosquito feeds on an infected bird, it can acquire
the virus. Humans, along with other mammals like horses, are considered incidental hosts.
When an infected mosquito bites a human, the virus can be transmitted. Modeling of West
Nile virus is complicated by a variety of factors: WNV has been found in 138 bird species
within the United States, with susceptibility, transmissibility, and infectious period varying
between species; multiple mosquito vectors may be responsible for transmission. A compart-
ment model equation 4.1 containing five basic elements: house sparrows (as the reservoir
bird species), crows (as a sentinel bird species), ornithophilic and generalist (opportunistic)
mosquitoes, and humans is proposed in®. The populations are subdivided into S, E, I, and
R corresponding to susceptible, exposed, infectious, and recovered, and use the subscripts S,

C, O, G, and H, to refer to sparrows, crows, ornithophilic mosquitoes, generalist mosquitoes,
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and humans:

Sp(t) = wvp— (rofoslo +reBasla)Ss — 1BSs
Es(t) = (roBoslo +rebesle)Ss — (08 + up)Es
Ip(t) = B — (ve + us)ls

Rp(t) = ~sls — psRae

Su) = var — (rmBsarls + rmBenrlc)Su — par S
Fu(t) = (rmBsuls + rmBealc) Sy — (5u + par) En (4.1)
Ifz/w(t) = OuEn — parlu

Su(t) = vi — BunSulyv — prSu

Eu(t) = BuwSuly — (0 + piw) Ex

Iy(t) = SuBw — (vu + pu)ln

Ry(t) = yuly — puRu

where v and p denote the birth rate and death rate, B € {S,C},M € {O,G},ro =
N:’TONC,TG = Ns+13—g+NH’ b denotes the female mosquito biting rate, N denotes the species
population, 3 denotes the infection rate, d and ~ represent the transition rate from state E
to I and from I to R.

Given the complexity of modeling interactions across five groups, the task of parame-
terization presents challenges, especially considering the difficulty in gathering data on the
two bird species (sparrows and crows) and the two mosquito types. Given our objective
to forecast human cases and understand the epidemic dynamics within the human popula-
tion, we simplify the model by consolidating the bird species into a single group and the
mosquito vectors into another. Since infected humans do not transmit the virus to others,
the compartment designated for infectious humans (/) is unnecessary and thus eliminated.

It is noteworthy that approximately 80% of individuals infected with WNV remain asymp-

tomatic?'. Therefore, we introduce a compartment Ay to represent the asymptomatic pop-
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ulation and Cy to represent the confirmed human population, refining the model to more
accurately reflect the observed disease dynamics.
Transitions between compartments of the refined model are described by the following

differential equations 4.2 and the transition diagram is presented in Fig. 4.1

= BuwaSuly — (0u + nr)En

= 045HEH - MHAH

513(75) = vp — BusluSs — MBSB
Ex(t) = BupluSs— (65 + up)Ep
[5(t) = 6pEn— (vp+ ps)lp
Ry(t) = yplp— psRp
Sut) = var — BenlpSu — parSu
() = BealeSau — (Our + par) En (4.2)
Ly(t) = 6mBx — parly
Su(t) = vu — BunSuly — puSu
(t)
(2)
(t)

= (1 — Oé)(;HEH — /LHC'H
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Figure 4.1: SEIR-SEI-SEAC compartmental model
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In our research, the incubation periods for birds, mosquitoes, and humans are estimated
to be within the ranges of 3-6 days, 8-10 days, and 2-6 days respectively, i.e.% ~ N(4.5,0.5)
day, $ ~ N(9,0.3) day,i ~ N(4,1) day; for birds, the recruitment rate is set at 0.015, the
natural mortality rate falls between 0.001 and 0.002 per day, and the removal rate for infected
birds ranges from 0.5 to 1 per day, i.e. vg ~ N(0.015,0.001),up ~ N(0.0015,0.0002),v5 ~
N(0.75,0.1); for mosquitoes, both the recruitment and mortality rates are influenced by
temperature and precipitation, with the magnitude of recruitment rate established at 0.15
per day and natural mortality rate for mosquitoes varies between 0.02 and 0.07 per day?; the
birth and death rates of humans are considered negligible over this time frame, the fraction
of the human asymptomatic population is approximated as 0.8, i.e. a ~ N(0.8,0.03). The
recruitment rate of mosquitoes shows a nearly linear increase with temperature within the
range of 16°C to 31°C, while their mortality rate tends to decrease as temperatures rise within
this same range”®, we assume that precipitation also influences the mosquito recruitment rate
in a linear fashion. Since the highest average temperature in Colorado in 2023 did not go
above 31°C, we proposed the following model 4.4 without considering the situation above
31°C,

(

0.15 % 0.5 X (75 + 51—) 16 <T <31

vy (T, P) = " e (4.3)
0.01 otherwise

\
,

T
— 4012 16 < T < 31

pu(T) =
0.07 otherwise

\

The unknown parameters By g,05n,0mm are estimated by EnKF. The fitted By p,05m

are very close in a research®. Therefore, we assume (35 = Bgar in this study.

4.2.3 Forecast model

To accurately estimate the unknown parameters and the state variables, we employ an

efficient data assimilation technique — the Ensemble Kalman Filter (EnKF)®!. This method
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is grounded in Bayesian statistics, specifically leveraging Bayes’ rule to update the estimated
state of the system at specific time intervals. It does so by integrating the most recent
observations with a priori estimates of the state, thereby refining the system’s current state
understanding. The EnKF operates by generating an ensemble of system state forecasts,
which accounts for the uncertainties in both the system’s initial state and the model itself.
When new observational data become available, the EnKF assimilates this information,
updating each member of the ensemble to more accurately reflect the observed reality. This
process not only adjusts the observed components of the system’s state but also infers changes
to unobserved state variables and parameters, enhancing the model’s overall fidelity and
predictive capability. Critically, the EnKF facilitates a continuous cycle of prediction and
updating, allowing for real-time improvements in forecasting the system’s future states. This
dynamic adjustment is particularly valuable in complex systems where direct observation of

all variables and parameters is challenging or impossible.

4.3 Results

4.3.1 Correlation of human WNYV cases with local temperature
and precipitation

Fig. 4.2 shows the weekly reported human WNV cases, the weekly average temperature,
and the weekly cumulative precipitation. From the figures, we can observe that the weekly
reported cases are lag-correlated with the temperature and the precipitation. The correlation
coefficient between WNV cases and average temperature is 0.69 with a lag of three weeks.
When calculating the coefficient between WNV cases with precipitation, we use the moving
average with window size three of the precipitation to reduce the noise of the observation.
The correlation coefficient between WNV cases and the moving average of precipitation is
0.57 with a one-week lag. This finding indicates that the temperature and precipitation have

the potential to inform reliable prediction of human WNV cases.
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Figure 4.2: Weekly human WNYV cases, average temperature, and weekly precipitation

4.3.2 Real-time forecast

The disease model SEIR-SIE-SEAC is applied to the EnKF to generate real-time forecasting
of human WNYV cases in Colorado, USA, for the year 2023. The forecasting process starts at
the onset of the outbreak on June 4th, utilizing the cumulative confirmed human WNYV cases
Cy as the observation. This data, in combination with average temperature readings and
weekly cumulative precipitation figures, is assimilated weekly into the EnKF. As a result, the
system is able to generate forecasts for the forthcoming three weeks at each assimilation point.
This approach yields three sets of forecast leads during the simulation (where the one-week
lead forecasts pertain to the following week, the two-week lead forecasts to the week after
next, and so on). The simulation process was iterated 500 times to ensure robustness. The
prediction results of the cumulative confirmed cases are shown in Fig. 4.3, where Fig. 4.3a,
Fig. 4.3b, and Fig. 4.3c delineate the distribution of the prediction across the three weeks. In
these figures, observed case counts are denoted by stars, whereas the forecast distributions
are illustrated with box plots: the extremities of the distributions are marked by black lines,
the interquartile ranges by blue boxes, and the medians by red lines. Fig. 4.3d presents the
average forecast trajectories. It is observed that the actual case numbers predominantly fell
within the forecasted range, with shorter lead times yielding more precise predictions. The
average forecasts capture the general trend of the epidemic’s growth.

The effectiveness of the forecasting model is assessed by the Absolute Root Mean Square
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Figure 4.4: Accuracy evaluation

Error (ARMSE) and the Logarithmic Score (LS). The ARMSE provides a measure of the
forecast’s precision by quantifying the average magnitude of the differences between pre-
dicted values and actual observations. This calculation involves the data in the predicted
distribution against the recorded cases. On the other hand, the LS offers insights into the
probabilistic accuracy of the forecasts. To compute the LS, we first deduce the probability
distribution of new case occurrences from the cumulative case predictions. Then, we classify
case counts into predetermined bins (0, 1-5, 6-10, ..., to 46-50, 51-100, 101-150, 151-200,
and j 200), aligning with the categorization scheme utilized in the CDC challenge™. The
outcomes are depicted in Fig. 4.4, where the ARMSE values for each forecast lead after July
9th (the fourth data point) are maintained below 0.5 as shown in Fig. 4.4a, signifying a
high level of precision in the model’s predictions relative to the observed data; and the LS
remains robust, generally higher than -3 during the epidemic’s peak phases. This indicates
that, after an initial period of model adjustment and alignment with the actual epidemio-
logical conditions, the forecasting system demonstrates a remarkable capability to generate

real-time predictions with significant accuracy.

4.3.3 Estimated epidemic dynamics

Our system can also estimate both unobserved states and unknown parameters by assim-

ilating limited observational data. Fig. 4.5 shows the estimated epidemic dynamics across
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different species, representing the progression of the outbreak. To ensure the model reflects
an outbreak scenario, we initiate it with a substantially large number of initially infected
birds and mosquitoes. The EnKF will align the model’s state trajectories close to actual
conditions as the outbreak starts. From the Fig. 4.5a and Fig. 4.5b, we observe that the
population of infectious mosquitoes greatly exceeds that of infectious birds throughout the
epidemic, which can be attributed to the longer infectious period of mosquitoes, who remain
carriers of the virus until their death, while birds exhibit a high removal rate due to recovery
or death, which significantly shortens the duration the virus persists within their system.
As shown in Fig. 4.5d, the infection rate between mosquitoes and birds surpasses that from
mosquitoes to humans, indicating a higher susceptibility of birds to the WNV. These obser-
vations highlight the critical role of mosquitoes in spreading the virus and birds as essential
reservoirs for the virus, and further emphasize the need for targeted vector control strategies
to mitigate the outbreak. In Fig. 4.5¢, the reported number of human cases in Colorado
reached 621 by October 8th. However, our model estimates indicate the presence of approx-
imately 2,518 asymptomatic individuals, alongside 100 exposed individuals who may still

develop symptoms.

4.4 Discussion

Our analysis reveals a significant correlation between the reported weekly human WNV
cases and the weather factors (temperature and precipitation). Intriguingly, the correlation
strengthens with higher powers of these weather variables. Specifically, the temperature
raised to the ninth power exhibits the highest correlation coefficient of 0.88 with the human
cases, whereas for precipitation, a power of six yields a correlation coefficient of 0.65, as
detailed in Table 4.1. This suggests that the relationship between weather factors and
WNV transmission may be more complex than linear associations, and points to the need
for high-dimensional systems to depict the intricate dynamics between wether factors and
WNV transmission. Our SEIR-SEI-SEAC model incorporates 11 states, allowing for the

exploration of parameters with high orders.
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Table 4.1: The correlation coefficients r between human WNV cases and higher orders i of
weather variables (temperature T and precipitation P)

i 2 3 4 5 6 7 3 9 10
rei | 0731 0.77 1 0.79 1 0.82 ] 0.84 | 0.85 | 0.87 | 0.88 | 0.88
rpi | 0.60 | 0.62 | 0.63 | 0.64 | 0.65 | 0.65 | 0.65 | 0.65 | 0.65
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Figure 4.6: Accuracy evaluation of the baseline model

Our results reveal that integrating weekly human WNV case data and weather variables
into our forecasting model enables the production of accurate real-time forecasts for human
WNYV cases. We evaluate the effect of the wether variables on the precision of our forecasts
against a baseline model that disregards weather influences, maintaining constant mosquito
recruitment (vp ~ N(0.15,0.01), pas ~ N(0.07,0.01)). Fig. 4.6 presents the ARMSE and
LS of the forecasts from the baseline model. Comparing with Fig. 4.4, we observe that the
model incorporating weather variables consistently outperforms the baseline. Specifically,
the average ARMSE for the baseline model are 0.19, 0.27, and 0.31 for successive leads
after July 9th, whereas the wether-incorporated model achieves improved averages of 0.17,
0.23, and 0.28, respectively; similarly, the average LS for the baseline model is -3.2, -3.8,
and -3.9 for each forecast lead, in contrast to the more favorable scores of -1.85, -1.85, and
-2.2 achieved with the integration of weather variables. Therefore, our findings underscore
the substantial benefits of incorporating weather variables into epidemic forecasting models,
highlighting their critical role in enhancing forecast accuracy for human WNV cases.

Our forecasting system offers not only precise real-time predictions of WNV cases with
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considerable lead time, but also provides a detailed estimation of the epidemic dynamics
across different populations. The forecasts along with the estimated data such as the esti-
mated numbers of infectious birds and mosquitoes, the count of exposed humans, and the
prevailing infection rates hold significant potential for aiding public health officials in several
key areas. Firstly, it enables the strategic allocation of medical and preventive resources.
Secondly, it supports targeted mosquito control initiatives, by identifying periods of high
transmission risk with estimated mosquito or bird infection rates, thereby allowing for more
effective vector control measures. Lastly, it provides a foundation for ongoing surveillance
and response planning, ensuring that public health strategies can be dynamically adjusted

in response to evolving epidemic patterns.
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Chapter 5

Multilayer network analysis of FMD
transmission and containment among

beef cattle farms

5.1 Introduction

Foot-and-mouth disease (FMD) is a highly contagious livestock viral disease, which can

lead to destructive economic losses .

Several major outbreaks have occurred in the UK
(2001)'7, Netherlands (2001)*, Japan (2010)'®, Uganda (2006)% etc. The estimated losses
of the FMD outbreak in the UK, in 2001 amounted to about Pound Sterling 3.1 billion!7;
about 290,000 animals were culled during the FMD outbreak occurred in Japan, 2010%%;
a study estimated that one FMD outbreak constrained to Kansas US would result in an

economic loss varying from US Dollar 43 to 706 million?!.

Therefore, it is important to

understand the impacts of different FMD virus transmission routes on the outbreak and

design control measures to prevent the spread of the disease in the livestock industries.
Moving infected animals and sharing contaminated equipment are considered two of the

94;95

most common routes for between-farm infectious disease transmission A number of

researches have been conducted to explore the impacts of the different transmission routes
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on the spread of infectious diseases by building variant between-farm contact networks.
Generally, the between-farm transmission routes can be described by two types of contact
networks — direct contact networks (DCN) which are formed by the movement of livestock
between farms, and indirect contact networks (ICN) which are formed by the personnel visits,
sharing transport vehicle and tools, etc.??. Instead of focusing on a single contact network,
many studies combined the DCN and ICN into a two-layer network (D&ICN) to analyze
the roles each transmission route plays in the disease spreading®!%9193 = Study % showed
that the porcine reproductive and respiratory syndrome virus transmitted by the D&ICN
resulted in a larger outbreak compared with the situation when the virus was transmitted
by DCN. Sharing haulage vehicles and animal product transport vehicles were found able to
increase the contacts between farms by more than 50% and accelerate disease transmission®.
A study'®' concluded that indirect contact through vehicles and operators was crucial to
accurate predictions of the epidemic size. These results all highlighted the impacts of indirect
contact on the disease spread. Thanks to the rapidly developed communication technology,
mitigation strategies based on information sharing'®® have become increasingly promising.
Information sharing was primarily used to improve supply chain resilience to disruptions in

104;105

livestock production . Recently, many scholars have used it to control the progressive

103;106-108 103

epidemic In a study'”’?, an agent-based model was developed, where the FMD
virus was spread through the DICN, the infected farms would inform their partners through
the information-sharing network (ISN) and the informed farms would implement preventive
measures to suppress the disease spreading. In their study, they assumed that all farms
participated in the information-sharing system. However, Farmers’ willingness to participate
in the information-sharing system depends on complicated factors such as risk attitudes,
privacy, and transparency issues!%9 Therefore, efforts are still needed to investigate how
participation levels will affect the effectiveness of information-sharing mitigation strategies.
In this chapter, we generated a three-layer network including the direct-contact layer (cattle
movements), the indirect-contact layer (truck visits), and the information-sharing layer to

simulate the FMD virus transmission dynamics among beef-cattle farms in southwest Kansas

(SW KS) and the effectiveness of the mitigation strategies based on the information-sharing
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method. Our goal is to investigate the potential impacts of the virus transmitted by cattle
movement (direct contacts) and vehicle visits (indirect contacts) on the FMD outbreaks and
to assess how the information-sharing networks and the fraction of participation farms can
affect the epidemic size. To our knowledge, there is no previous study constructing a three-
layer network analysis on FMD involving information-sharing techniques. In addition, the
influence of different participations in information sharing is explored unprecedentedly. In
this study, hypothetical FMD outbreaks were first simulated on a single-layer DCN (cattle-
movement network), a two-layer D&ICN (cattle-movement layer and truck-visit layer), and
a three-layer DIC&ISN (cattle-movement layer, truck-visit layer, and information-sharing
layer) to assess the effects of each layer on the transmission of FMD virus among beef-cattle
farms. We also investigated the impacts of different types of information-sharing layers
and participation levels on the epidemic size and quarantine size. Furthermore, a sensitive
analysis was conducted to explore the potential economic losses caused by the infection and

quarantine to optimize the economic loss and control costs.

5.2 Materials and methods

5.2.1 Data

We extracted the weekly cattle movement records and the vehicle sharing records between
July 1st, 2019, and December 31st, 2019 from the database!''. The database provides
comprehensive cattle trading records between premises and premises information in SW
KS. Cattle trading records include the identifiers for departure premises and destination
premises, truck identifiers for every movement, headcount of cattle carried by truck, and
transport date. The premises information includes the premises type (ranches, stockers, and
feedlots) and the capacity which is the maximum number of cattle one can hold. In this
study, 301 premises in different production types are involved, among which there are 18

ranches, 50 stockers, and 233 feedlots.
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Figure 5.1: Transmission routes of the FMD virus among different production types of beef-
cattle farms

5.2.2 Multilayer network construction

To describe the FMD transmission routes by cattle movements and truck visits shown in
Fig. 5.1, we construct a weekly series of weighted two-layer contact networks based on the
movement data. On top of the contact network, we add an information-sharing layer to
simulate the influence of different information-sharing networks and the participation level
in suppressing the epidemic. Thus, each network was formed by three independent lay-
ers as shown in Fig. 5.2. The nodes with the same identifier on each layer represent the
same premise; the edges within the layer represent the virus (contact layers) or informa-
tion (information-sharing layer) transmission routes between premises. Direct-contact layer,
indirect-contact layer, and information-sharing layer are presented as Lpc = (V, Epc), Lic =
(V,Erc),andLis = (V, Ejs), where V represents the set of nodes, and E; represents the set of
edges within layer 7. In the direct-contact layer Lpc, every cattle movement is generated as
a directed and weighted edge from the departure premise (node) pointing to the destination
one, with the weight as the headcount of transported cattle. For the indirect-contact layer
Lic, the premises are connected if they are visited by the same truck in a week. Because the
trucks usually return to the departure premises after transporting cattle, the edges within
Lo are undirected. The weights on E;C' are the number of visits between premises.

We design three information-sharing layers L;g with different network structures but the
same network density. The first type is an Erdos Renyi random network!'? with the same
network density (0.0068) as the L;¢; the second one is the contact-based network, where

the premises share their infection status with their business partners, so L;C(i — 1) at week
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i —1is used as the L’y at week #; the third one is based on the geographic distance between
premises, where the premises whose distance is shorter than 450 kilometers are connected
(with 450 km threshold distance, the distance-based information-sharing network has very
similar network density with the other ones). Finally, the infection status of each node on
every layer is aggregated into the multilayer network. We construct 26 time-series multilayer
networks in total. Each network represents the contact activities in one week, as one week

(7 days) is a range of farm-level infection periods preceding detection®.

M:\ <7 L;s: Information-sharing layer

L;c: Indirect-contact layer

Lpc: Direct-contact layer

Figure 5.2: Multilayer network structure of FMD transmission among beef-cattle farms

5.2.3 Network measurements

To have an insight into the network topology, we compute some basic measurements that
are commonly used to describe the structure of the network. Those measurements include
network density which is defined as the ratio of the number of actual edges to the number
of potential edges, distribution of node degrees which is defined as the distribution of the
number of edges pointing to each node, and the average node degree which is defined as the
mean value of the node degrees. Considering that we have 26 homogeneous networks for the
cattle movements and the truck visits, we present the mean value of all those measurements
over 26 networks. For cattle movement networks, the mean value of the network density is

0.0026, the distribution of the node degrees is presented in Fig. 5.3a, and the mean value
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Figure 5.3: Node degree distributions of different networks

of the average node degree is 0.79. For the truck visits networks, the mean value of the
network density is 0.0068, the distribution of the node degrees is shown in Fig. 5.3b, and
the mean value of the average node degree is 2.04. The network densities and the average
node degrees of both types of networks are very small, which means both cattle-movement
networks and truck-visit networks are sparse. The node degree distributions for cattle-
movement networks and the truck-visit networks indicate that there is a small group of
nodes with high node degrees. For the generated information-sharing networks, the network
densities are set close to 0.0068 to keep the sparse characteristics (random network 0.0068
and distance-based network 0.0071); the degree distributions of the Erdos Renyi random

network and the distance-based network are shown in Fig. 5.3cand Fig. 5.3d.
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5.2.4 Epidemic model

To describe the transition process of infection status on each premise, we propose a susceptible-
quarantined-exposed-infectious-removed (SQEIR) model. In this model, each premise (node)
can only be in one of the five states. A susceptible (S) node can become exposed (E) if
it is connected to infectious nodes on Lpc and L;c. The transition rate from S to E is
Bpc X Ipc + Brc X Irc, wherefpc and Ipe denote the infection rate and the number of
contacts to infectious nodes on Lpe, ¢ and Ijc denote the ones on Lyc. An exposed (E)
node is not yet infectious, but it will transit to the infectious (I) state with rate . Finally,
an infectious node will be removed (R) with a removing rate v, which means the cattle in
that farm are culled. A susceptible (S) node can become quarantined (Q) with rate o x I
if it receives notification from infectious neighboring farms on L;s5. The quarantined (Q)
node can also become susceptible (S) at a rate u. The state transition process is expressed

in equation 5.1 and shown in Fig. 5.4.

S'(t) = —(Bpclpc + Brclc)S — alis + pQ

Q) = alis—pQ

E'(t) = (Bpclpc + Prolic)S — 0F (5.1)
I'ty = 0E—~I

R'(t) = oI

| E
BoclpctBiclic ) Y

Figure 5.4: SQEIR compartmental model

The parameters used for this model are specified in Table 5.1 1; parameters p and p are
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Table 5.1: Description and value of the parameters in the model

Parameter| Description Value |Reference
Bpc Infection rate of direct contact [0.95 |study'??
Bic Infection rate of indirect contact |0.15  |study !
5 Incubation rate 0.83 |study!®®
ol removing rate 0.12 study 1%
Q@ Quarantine rate 1 Assumed
1 Releasing rate 0 Assumed

related to farm owners’ precautionary awareness of FMD. For simplicity, we assume that
a =1 and p = 0, which means the informed premises will be quarantined and remain so till
the epidemic ends.

The SQEIR model embedded in the multilayer network is simulated in the Generalized
Epidemic Modelling Framework (GEMF), which was developed by the Network Science and
Engineering group at Kansas State University. GEMF can numerically simulate spreading
processes on static multilayer networks''® and is available in MATLAB, R, Python, and C
programming languages. In this chapter, we further adapt the GEMF toolbox in Matlab for

simulating disease spreading on time-series multilayer networks.

5.2.5 Impact of cattle movement, vehicle visits, and information
sharing on disease spreading

The hypothetical FMD spreading is simulated on a weekly series of DCN, D&ICN, and
multilayer networks with contacts layers and information layer (DIC&ISN). Those differ-
ent networks are formed by the Lpc, Lic, and Lrg we constructed in the previous section.
For this simulation, the Erdos Renyi random network is used as the L;g, and all premises
participate in the information-sharing system. The FMD virus is seeded in three randomly
selected premises in a random week among the first four weeks. The simulation is repeated
5000 times. The numbers of the premises in states E, I, and R versus time and the distri-
butions of the final epidemic size (the fraction of the removed premises at the end of the

epidemic) of the spread of FMD (at least one farm is infected by the seeded premises) are
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presented and evaluated.

5.2.6 Impact of different information-sharing layers and premises
participation on disease spreading

The idea behind the information-sharing network is the following. Suppose that one farm
is discovered to have cattle infected with FMD. This farm will immediately go to isolation,
following the state of Kansas procedure. At this point, this farm will inform its neigh-
boring farms (the farms connected in the network are defined as neighboring farms) of its
infection status. The neighboring farms will, in turn, go into a quarantine state, halting
all movements of animals and trucks. Cattle in infected farms will be culled, while cattle
in farms protected by quarantine, will return to normal conditions once the epidemic is
contained. Three different types of the information-sharing layer are added individually to
the contact networks. The hypothetical FMD spreading is simulated on the weekly series
of DIC&ISNs with different L;s —the Erdos Renyi random information-sharing layer, the
contact-based information-sharing layer, and the distance-based information-sharing layer.
Different premises participations are also considered. We randomly activate 10% to 100%
(with an interval 10%) participation nodes and deactivate the rest in each L;g, and simulate
the hypothetical FMD spreading. Considering there are hubs (nodes with higher degrees)
in both contact networks, we rank the nodes by their node degrees and activate 10% to
100% (with an interval 10%) participation of nodes with the highest degree, and simulate
the FMD spread again. All the simulations are repeated 5000 times. The distributions of
the final epidemic size and the quarantine size of the different participations are presented

and evaluated.
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5.2.7 Sensitivity analysis of the potential economic loss from the
epidemic and quarantine

According to study'®, the FMD infection can cause losses by reducing milk production,
suppressing the growth rate of livestock, and culling the infected cattle. Considering that
quarantined farms stop contact with other farms, which leads to economic losses as well, we
proposed a loss function | = xR 4+ yQ(x > y), where z is the average loss for one removed
farm, y is the average loss for one quarantined farm, R is the number of the removed farms,
and @ is the number of the quarantined farms. To qualitatively analyze the potential loss
from the epidemic and the quarantine, we rewrite the loss function as [ = R+ 3, where the
relative loss per quarantined farm ¢ = y/x, and the relative total loss [ = [/z. We vary the
value of yfrom 0 to 0.5 with step increment 0.05, and calculate [ of each L;s with different

participation levels.

5.3 Results

5.3.1 Impact of cattle movement, vehicle visits, and information
sharing on disease spreading

The numbers of premises in different infection compartments and the distribution of the
epidemic size based on three networks with different layers are shown in Fig. 5.5. The blue
dash line, green dash line, and red solid line represent the number of premises in state E,
I, and R versus time separately; the boxplots shows the distributions of the final epidemic
size, where the red line in the box represents the median; the upper and lower edges of the
box represent the 75% and 25% quartiles; the short lines outside the box are the adjacent
(maximum and minimum without outliers); red plus signs are the outliers.

For the hypothetical FMD spreading simulations, the number of simulations producing
additional infections on different networks are 1628 (32.56%) on DCN, 1799 (35.98%) on
D&ICN, and 1770 (35.40%) on DIC&ISN. The reason for this low outbreak probability is
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the sparsity of the contact layers, in which there are often no links to or from the initial
infected farms during simulation. Surprisingly, the increment of the outbreak probability
(the fraction of simulations producing additional infections) on D&ICN from DCN is only
171 (3.42%) even if the average network density of truck-visit network is more than twice
of the cattle-movement network. Two facts should be considered here. On the one hand,
the indirect infection rate of the truck visit layer is much smaller than the direct infection
rate. On the other hand, the number of truck visits is smaller than the number of cattle
transported (normally several cattle transported by one truck), which means the weight
of the truck visit layer is smaller than that of the cattle movement layer. Therefore, the
pathogens are more likely to be transmitted by the cattle movements when the number of
infections is small. For those spread FMD, the average epidemic duration is 4.44 weeks on
DCN (minimum 2 weeks and maximum 12 weeks), 8.29 weeks on D&ICN (minimum 2 weeks
and maximum 22 weeks), and 6.89 weeks on DIC&ISN (minimum 2 weeks and maximum
18 weeks). As shown in Fig.4d, the maximum and average epidemic size of spread FMD
are 0.392 (118/301) and 0.040 (12/301) on DCN, 0.684(206/301) and 0.261 (78.5/301) on
D&ICN, and 0.449 (135/301) and 0.138(41.6/301) on DIC&ISN. Our results show that the
truck-visit layer not only prolong the average epidemic duration by 86%, but also enlarge the
overall epidemic size by 554% on average and 74% on the maximum. Apparently, the truck
visits greatly boost the disease transmission. Truck visits become increasingly effective for
FMD transmission as the number of infected farms is increasing, although the infection rate
and the weight for it are relatively small. The other important characteristics of the truck
visit network like higher density and undirected links also contribute to spreading the disease
to more farms. The random information-sharing layer has apparent impact on mitigating the
epidemics of D&ICN with 17% shorter average duration and 47% smaller average epidemic

size.
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Figure 5.6: The epidemic size and quarantine size versus random participation

5.3.2 Impact of different information-sharing layers and premises
participation on disease spreading

Fig. 5.6 shows the maximums and average of the epidemic size and quarantine size versus
participations when different L;g are applied. In this scenario, the participated farms are
randomly selected. The solid lines in the figure represent the average while the dashed lines
are the maximumes; the red, blue, and green lines present the data from random L;g, contact-
based L;g, and distance-based Ljg separately. In general, the epidemic size decreases and the
quarantine size increases when more farms participated in the information-sharing networks.
The maximum and average epidemic size of the contact-based L;g is the smallest almost
under any participation level, which means the contact-based L;s has the best performance
on containing the disease spread. The quarantine size of the contact-based L;g is the largest
when the participation is less than 50%, and the smallest when participation is greater than
60%. Based on the equation 5.1, infected farms is promoting the growth of quarantine while
the quarantined farms is prohibiting the growth of infection in every three-layer networks.
From the results, we can deduct that the contact-based L;g is able to make more farms quar-
antined under lower participation level to prohibit the infection more effectively than other
two Ljg, and that the smaller epidemic size of contact-based L;s under higher participation
level makes the quarantine size small.

In order to more effectively prohibit the disease spreading on the contact networks, we
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Figure 5.7: The epidemic size and quarantine size versus highest-degree participation

primarily include the farms with the highest node degrees into the information-sharing net-
works. The epidemic size and the quarantine size are shown in Fig. 5.7. Compare with the
random participation, the performance of contact-based Lg¢ on containing epidemic size has
an obvious improvement. Under 10% participation, the average epidemic size is 0.19, which
is 20.8% decrease from 0.24 with random participation. The average epidemic size decrease
to less than 0.1 when participation level is higher than 50%. However, different types of
participations have little effect on epidemic size of the other tow L;g and the quarantine size

of all three L;g.

5.3.3 Sensitivity analysis of the potential economic loss from the
epidemic and quarantine

The potential losses caused by the infection and the quarantine are displayed in Fig. 5.8.
The x-axis represents the participation level ranging from 10% to 100%; y-axis represents the
relative loss per quarantine farm g; the scaled color in each pixel represents the relative total
loss barl. Comparing the loss color map of three networks, the relative total loss [ with the
contact-based Ljg are mostly the smallest under any participation and quarantine loss ¢ pair.
The smallest economic loss is always achieved in the upper right corner, which suggests that
the more farms participated in the information-sharing network, the lower economic losses

can be achieved, especially when the quarantine cost is much lower than infection (when g
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Figure 5.8: Relative total economic losses on networks with different L;g (highest-degree
participations)

is negligible).

The results in Fig. 5.9 show the range of the total loss under different participation or
different quarantine loss y. The range of the total loss is taken as a measurement of the
sensitivity between the total loss and the other variables. The ranges of the total loss under
10% participations are less than 3, which means the total loss is not sensitive to the relative
quarantine loss ¢ under 10% participations. The range increases with the participation level,
and decreases with the relative quarantine loss, which means the loss becomes more sensitive
to quarantine loss y under greater participations, and less sensitive to the participations when
the relative quarantine loss y grows. From Fig. 5.7, we know that quarantine size Q is much
smaller than epidemic size R when the participation is low, so that R is the dominant term
in the loss calculation. The increase rate of the quarantine size is greater than the decrease

rate of the epidemic size with participation level based on Fig. 5.7. The loss decreased from
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Figure 5.9: Range of the total loss under different participations and relative quarantine
losses

R can be compensated by the increase in ) especially when the relative quarantine loss 3 is

large.

5.4 Conclusion

In this chapter, we firstly conducted hypothetical FMD spreads on a single-layer DCN,
a two-layer D&ICN, and a three-layer DIC&ISN, where the results show that the FMD
has larger epidemic size and long duration on the two-layer D&ICN than the single-layer
DCN, and that the information-sharing layer is able to mitigate the spread of the disease.
These results re-addressed the significant influence of the truck visits on the between-farm
transmission of FMD virus, and revealed that truck-visit routes can greatly enlarge the
outbreak epidemic size, but have limited influence on increasing the outbreak probability.
Therefore, the regional animal disease control agencies should take actions to reduce direct-
contact rate and control the cattle movements in the early stage of the epidemic to prevent
the outbreak. For existing outbreaks, increasing truck sterilization frequency and limiting
truck visits are useful policies to mitigate the epidemic size. The information-sharing network
is tested effective for epidemic mitigation. We compared the mitigating performance of three
information-sharing networks with different topologies and participation levels. The contact-

based network has the best performance on suppressing the epidemic size while maintaining
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low quarantine size especially when the farms with the highest degrees are participated. For
all three information-sharing networks, increased participations result in decreased epidemic
sizes but increased quarantine sizes. For contact-based ISN, the epidemic size decreases
fastest, while the quarantine size increases slowest. A sensitive analysis is conducted to
explore the potential economic losses caused by the infection and quarantine. We found
that the losses with contact-based ISN is the smallest under any participation and relative
quarantine loss pair, and that an increased participation level generally leads to a deceased
economic loss when the quarantine costs are negligible (7 < 0.3). The regional agencies could
work on calling more farms to participate in the contact-based information-sharing network
to ensure that the infection status of the farms is accessible to their business partners. In
our results, an 80% participation level is able to display fairly good performance on reducing
the economic losses. We focused on the beef-cattle industry in SW KS, but the implement
of information-sharing network can be used by the whole livestock industry. In this chapter,
there are several limitations. First, the other indirect contacts, like personnel visits and air-
borne are not considered. Another limit is we did not consider the auction market. Removing
these limitations can be the subject of the future work, together with the determination of

the optimal participation level.
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Chapter 6

PICTUREE—Aedes: A web
application for dengue data

visualization and case prediction

6.1 Introduction

The PICTUREE—Aedes web application is an innovative system that integrates tools for
displaying dengue-related data, visualizing simulated results, and forecasting future cases
for an ongoing outbreak. This application is a product of the Predicting Insect Contact
and Transmission Using histoRical Entomological and Environmental data (PICTUREE)
project, which was initiated in 2019.

Dengue fever is an Aedes mosquito-borne viral infection that threatens the health of over
3 billion people in numerous tropical and subtropical regions''*. Aedes aegypti mosquito is
the primary carrier of dengue viruses, with the ability to bite multiple individuals in a brief
period, and its immature phase can be found in water containers near human dwellings!'°.
The proliferation, biting rates, infective rate, and survivability rate of Aedes mosquitoes are
substantially affected by climatic conditions like rainfall, temperature, and relative humidity,

which, in turn, have a significant impact on the spread of the dengue virus'''®  The
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breeding time and maturity period of Aedes mosquitoes are shortened due to global warming,

resulting in the accelerated growth of the vector population!?.

Furthermore, increasing
human mobility and high population density have facilitated the geographical spread of
dengue viruses over long distances'?. Therefore, an integrated system is needed to aggregate
collected data, analyze them, estimate parameters, and forecast future risks and incidence
to proactively combat the spread of the virus.

Numerous research studies have been conducted to identify and quantify the temperature-
dependent variables that impact the life cycle of the mosquito vector, due to the susceptibility

121-124

of the mosquito’s life cycle to temperature Mathematical equations can be used

to model the dynamics of the mosquito population, and estimate the parameters such as
mortality, transition rate, and oviposition rate at different temperatures!'®. Another dengue
transmission model, which took into account various temperatures, survival rates, between-

bite intervals, and extrinsic incubation periods, discovered that an increase in mosquito

longevity and temperature led to an augmentation in dengue transmission .

There has been an increasing number of approaches to predicting the incidence of in-

126;127

fectious diseases, including the use of statistical models , state-space compartmental

1327134 " otc. The state-space models coupled with data

models 287131 deep learning methods
assimilation algorithms can generate real-time forecasts and estimate key parameters. The
estimated model parameters can then be utilized to determine the basic reproduction num-
ber of the disease, the carrying capacity of the vector population, and other relevant met-
rics. A state-space compartmental disease model combined with an ensemble Kalman filter
(EnKF) was employed to estimate and predict future dengue incidence, infection rates, and

129

mosquito emergence rates in'*’. Deep learning approaches, especially the long-short-term

memory (LSTM) recurrent neural network, are also widely used to generate reliable epidemic

forecasts'®*. Machine learning approaches have the advantage of being able to handle non-

linearity and complex data structures. Another emerging technique is the ensemble forecast

135136 A superensemble fore-

that enhances the forecasting accuracy of individual models
cast was developed by combining three models - susceptible-infectious-recovered-ensemble

adjustment Kalman filter, Bayesian weighted outbreaks, and historical likelihood - using the
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d1?6. The superensemble was used to predict dengue cases in San

weighted average metho
Juan, and it was found to provide more accurate forecasts compared to individual models.
The use of ensemble forecasts, which combine multiple forecasting models or techniques, can
help reduce errors and biases that may be present in individual forecasts.

The PICTUREE—Aedes web application aggregates dengue-related data from multiple
sources, including global daily temperature, global daily precipitation, Aedes mosquito oc-
currence, and dengue case occurrence. These data are stored in an SQL database and can be
readily visualized through user-friendly displays. The PICTUREE—Aedes web application
also provides estimations of the Aedes mosquito population, the dengue transmission repro-
duction number R;, and the dengue risk globally, which can be viewed by users in both space
and time. Furthermore, the application employs several algorithms, including the ensemble
Kalman filter, the recurrent neural network, the particle filter, and the super ensemble, to
forecast dengue cases for an ongoing outbreak. To generate forecasts, users must provide
information about the cumulative reported cases in recent weeks, the outbreak location, and

the local population size. After processing this data, the application outputs the statistics

of the three-week forecasted cases.

6.2 Data

Table 6.1 presents a comprehensive list of the data sources. The daily global temperature
and precipitation data are obtained from the National Oceanic and Atmospheric Admin-
istration (NOAA) weather stations'®”. The ERA5 hourly data provides hourly estimates

of atmospheric variables, such as temperature, pressure, and humidity, which are used for

38

simulation purposes? The terrestrial ecoregions data are utilized to select areas with

1397141 The Aedes mosquito occurrence dataset and dengue oc-

similar climate conditions
currence dataset are geo-positioned occurrence records spanning from 1960 to 2012142143
Country-wise Google trend data for the keywords ”dengue” and ”fever” are also collected.
The aforementioned data are either directly displayed on the map or used for the simulations

and forecasts!**.
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Table 6.1: Data sources

[tem Source Remark

Daily weather observation  [study'®” |Updated weekly

ERAS5 hourly data study®® 2018 - present
Terrestrial ecoregions study 9141 | As of December 14, 2009
Aedes mosquito occurrence  |study %2 1960 - 2014

Dengue occurrence study 143 1960 - 2012
Country-wise Google trends |study 44 2015 - 2022

6.3 System Architecture

The web application consists of several components as shown in Fig. 6.1, which we broadly

categorize into (1) the frontend client application and (2) the server backend.

Database

=
L

. I
Y

Map Tile Service

{

il

@

Scheduled Updates

"N

Dashboard Ul Public Databases

Simulation Tools

Figure 6.1: Components and architecture of the application

6.3.1 Client Application

The web-based client is built on top of HTML and is accessible using any web browser.
The application’s graphical interface consists of an interactive map viewer and tools for
data selection, filtering, parameter inputs, and submission of on-demand analyses. The
map is displayed using the open-source JavaScript library leaflet.js'>. The application

communicates directly with the server backend to load maps, results, and data.
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6.3.2 Server Backend

e HTTP Server: The backend system exposes multiple API (application programming
interface) endpoints to the client via an HTTP Server. This HTTP server runs in

Node.js environment 45

e Database: The database service consists of PostgreSQL and PostGIS!'*” extensions to
handle spatial queries. The database contains multiple tables to store data collected

from various sources and simulation results;

e Map Tile Service: When the client requests the home page of the map tool, the
HTTP server loads map tiles from a separate map tile service called MapTiler 8.
This service helps with memory management by loading only the parts and zoom lev-
els required by the client. The service takes input from large tile files collected from

OpenStreetMap 14%;

e Simulation Tools: The system can deploy and run executable code to perform on-
demand analysis and simulations on selected data. The HTTP service directly com-

municates with the executables to pass arguments and collect results;

e Scheduled Updates: The system contains scripts that run regularly to update the
database tables with new weather data. The script connects to the NOAA-NCEI'¥7

servers for daily weather observation data.

6.4 Results

6.4.1 Data visualization

Fig. 6.2 displays the graphical interface of the Map Tool, where the 2D projection map of
the Earth is centrally located, and users can pan and zoom to their areas of interest. The

interface’s left side features various tools that assist with data selection and visualization. A
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comprehensive guide to the description and usage of each tool is available in the PICTUREE—

Aedes Users Guide in Supplementary Material.

PICTUREE Map Tool

Toolbox

Selection

Select Tool

O Circle

O Ecoregion

O Al

Cirele radius (km)
50

Ecoregion
Selected Point
Latitude

Longitude
Time Selection

From
To
Single Day

Data Visulization

Display Markers . Leatlt | © Opentreetifap contriutors

Figure 6.2: Graphical interface of the PICTUREE-Aedes

The PICTUREE-Aedes enables users to identify weather stations and their recorded
data based on their preferences. Fig. 6.3a illustrates the distribution of weather stations
in Central Indochina (Ecoregion). Users can select a station and plot its precipitation and
temperature data. Fig. 6.3b demonstrates the daily temperature and precipitation data of
station UBON RATCHATHANTI throughout 2022.

Fig. 6.4 presents the occurrence records of dengue, Aedes aegypti, and Aedes albopictus,
marked respectively with red, blue, and purple dots in Central Indochina. Clicking on a dot

will generate a popup that displays the country name and the year of occurrence.

Daily observed temperature for UBON RATCHATHANI

Degree Celsius

3an 2022 Mar 2022 [ o, 2022 PR sep 2022 Nov 2022

* precipitation

Day

(b)

(a) Locations of the weather stations in Central (b) temperature and precipitation data of station
Indochina UBON RATCHATHANTI in 2022

Figure 6.3: Weather station data
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Figure 6.4: Occurrence data of dengue, Aedes aegypti, and Aedes albopictus

Additionally, the PICTUREE-Aedes supports the display of information on Google
Trends. Fig. 6.5 illustrates the trend of "dengue” and ”fever” in Cambodia during Jan-

uary 2018.
Google searched trends for Cambodia
—e— Dengue Trend

40 - = —&— Fever Trends
5
o
> 20

Jan 6 Jan 9 Jan 12 Jan 15 Jan 18 Jan 21 Jan 24 Jan 27

2018

Day

Figure 6.5: Google search trends of "dengue” and ”fever”

6.4.2 Simulation results

The PICTUREE-Aedes offers four types of mosquito simulation results, including daily
average temperature, vector host ratio, reproduction number, and dengue risk, which can be

visualized spatially and temporally. To view the data spatially, users must select a specific
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Figure 6.6: Mosquito simulation results visualized spatially

day and a heat map of the selected area will display the selected data value. Fig. 6.6
displays the average temperature (a), dengue transmission reproduction number (b), vector-
host ratio(c), and dengue transmission risk (d) of the Indochina peninsula on 09/15/2022.
Visualizing data beyond the next six months from the current time is limited.

To visualize data temporally, users must select a location and a time range. Fig. 6.7
displays mosquito simulation data from 01/01/2022 to 11/06/2022 at the user-specified lo-
cation. Please note that the query time frame is limited to a six-month horizon from the
current date.

The PICTUREE—-Aedes provides three types of predictive tools and their ensemble fore-
cast. Fig. 6.8 illustrates the predicting results of the dengue outbreak in Cambodia during
2022. The first 13 data points (before April 27th) represent weekly dengue cases, while the

rest points (including/after April 27th) denote the predictions. Fig. 6.8a displays the dis-
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Figure 6.7: Mosquito simulation results visualized temporally
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Figure 6.8: Forecasts of the dengue cases in Cambodia

tribution of SEIR-SEI-EnKF predictions for the next three weeks, including quantiles and
median. Fig. 6.8b illustrates the neural network prediction for the next three weeks. Fig. 6.8c
shows the results of the particle filter, presenting the distribution for the next four weeks.
Fig. 6.8d displays the result of the super-ensemble, showcasing the median prediction from
each member, the average, and the weighted average of the members.

Table 6.2 displays the outcome of the prediction, as well as the reported cases. All of
the reported cases in the following weeks are situated within the prediction range, which

confirms the precision of the prediction tools.
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Table 6.2: Number of predicted cumulative cases and its relative absolute error in Cambodia

April 27th 2022 May 4th 2022 |May 11th 2022
Reported cases 1379 1685 1995
Kalman filter 1229/10.9% 1293/23.3% 1338/32.9%
Neural network 1414/2.5% 1795/6.5% 2243/12.4%
Particle filter 1298/5.9% 1492/11.5% 1686/15.5%
Super ensemble 1302/5.6% 1500/11.0% 1703/14.6%

6.5 Conclusion

The PICTUREE-Aedes is an innovative and unique system that serves as a valuable resource
for both researchers and health officials in their efforts to advance scientific research and ef-
fectively manage dengue outbreaks. By collecting and aggregating a comprehensive set of
critical factors related to dengue transmission, such as reanalyzed temperature, precipita-
tion, occurrences of Aedes mosquitoes, and dengue cases, the PICTUREE-Aedes provides
researchers with a rich dataset for their investigations. This data-driven approach allows
researchers to gain deeper insights into the complex dynamics of dengue transmission and
aids in the development of more effective prevention and control strategies. In addition to its
research-oriented features, the PICTUREE-Aedes offers essential information to health offi-
cials, enabling them to proactively prepare and adapt to the changing situation during dengue
outbreaks. The system employs sophisticated algorithms to estimate Aedes mosquito abun-
dance, dengue transmission reproduction number, and dengue risk, providing crucial insights
into the intensity and geographical spread of the disease. Armed with this knowledge, health
officials can make informed decisions about when and where to implement targeted vector
control measures, effectively minimizing the risk of dengue transmission and safeguarding
public health. Moreover, the PICTUREE-Aedes goes beyond monitoring and estimation by
offering valuable and accurate forecasting capabilities. By utilizing its advanced modeling
techniques, the system can predict future dengue case counts, empowering health officials
and healthcare facilities to deploy medical personnel and allocate treatment resources more
efficiently. This forecasting functionality is instrumental in anticipating the potential impact

of dengue outbreaks, enabling proactive measures to be taken in terms of resource allocation,
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capacity planning, and public health awareness campaigns.

The selection of a 6-month forecast horizon was made without a specific rationale. In
fact, the forecast horizon relies on the availability of dependable environmental variables
for the future. Presently, we employ the average temperatures from previous years for
the corresponding timeframe in the next six months. However, the current values of the
calculated variables are adjusted based on the most recent available environmental data. It’s
important to note that the current levels will influence the future levels of the calculated
variable. However, for the dengue case number forecast horizon we chose 3 weeks because
human intervention can change the underlying physical transmission process in the long

term.
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Chapter 7

Conclusion and future work

7.1 Conclusion

This dissertation has explored various methodologies for modeling and forecasting several
infectious diseases, highlighting the crucial role of infectious disease forecasting in miti-
gating the significant harm these diseases inflict on human life and well-being. With this
background, the study focuses on four infectious diseases, tackling five research questions
designed to yield accurate forecasts and in-depth analyses of epidemic dynamics. The in-
sights from addressing these research questions are instrumental for public health officials,
empowering them to prepare for and respond more effectively to disease outbreaks. The key
contributions of this dissertation are summarized as follows:

Chapter 2 unveils a short-term forecasting system for COVID-19 that utilizes the SEIR
compartmental model to simulate the disease’s spread, combined with the EnKF to integrate
noisy daily confirmed case data. This innovative system generates three-day forecasts, re-
freshed daily with incoming data, and employs a cone of uncertainty to increase its forecast
accuracy.

In Chapter 3, we broaden our focus to dengue fever, a vector-borne disease, by develop-
ing a vector-borne forecasting model that integrates the SEIR-SEI disease model with the

EnKF method. Through twin experiments, we validate that the model can produce accurate
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state and parameter estimation and forecasting. Applying this model to historical dengue
outbreak data from diverse locales—Kaohsiung, Taiwan; Singapore; and Rio de Janeiro,
Brazil—resulted in forecasts that closely mirrored actual case counts and provided dynamic
estimates of exposed and infectious human populations. A comparative evaluation against
the SEIR and SIR models demonstrated its enhanced forecasting precision.

Chapter 4 details a real-time prediction system for WNV that features an adapted
compartment model SEIR-SEI-SEAC to describe the transmission dynamics among birds,
mosquitoes, and humans, considering both symptomatic and asymptomatic cases and the
impact of climatic factors. Employing data assimilation techniques, the system provides
accurate weekly WNV case forecasts for Colorado in 2023, with comparative analyses un-
derscoring the heightened forecast accuracy achieved through the integration of climatic
variables into our model.

Chapter 5 investigates the transmission dynamics of Foot-and-Mouth Disease (FMD)
across beef-cattle farms in southwest Kansas using a three-layer network model that in-
cludes direct contacts (cattle movements), indirect contacts (truck visits), and information
sharing. The study reveals the substantial role of indirect contact in amplifying disease
spread and underscores the efficacy of information-sharing strategies in outbreak mitigation
and in minimizing the economic fallout from infections and quarantine measures.

Lastly, Chapter 6 presents the PICTUREE—Aedes web application, a robust platform
aggregating dengue-related data from multiple sources, including daily temperature and pre-
cipitation, Aedes mosquito occurrences, and dengue case reports. This application provides
estimations of Aedes mosquito populations, the dengue transmission reproduction number
(R;), and global dengue risk, all accessible to users spatially and temporally. It also employs
several forecasting algorithms—ensemble Kalman filter, recurrent neural network, particle
filter, and super ensemble—to predict ongoing dengue outbreak cases.

From the predictions generated by the above methods, specific mitigation strategies can
be made to effectively manage and reduce the impact of infectious disease outbreaks. For
example, predictions can identify populations at greatest risk or areas where an outbreak

is likely to spread. Vaccination efforts can be concentrated in these areas to prevent the
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disease from taking hold or to mitigate an ongoing outbreak. Predictive models can also
guide the strategic distribution of limited resources such as medical personnel, testing kits,
and hospital beds. What’s more, insights from forecasts can inform the timing and nature
of public health interventions, such as mask mandates, social distancing requirements, and
travel restrictions. By integrating these specific mitigation strategies based on predictive
modeling, public health authorities can enact more proactive, precise, and effective responses

to infectious disease threats.

7.2 Future work

This section outlines recommendations for future research, building upon the limitations
identified in this dissertation. Addressing these limitations presents a pathway to enhancing
the accuracy and applicability of forecasting models for infectious diseases.

The forecasting models presented in Chapter 2, Chapter 3, and Chapter 4 could be
significantly improved by incorporating the effects of human interventions and public health
measures implemented during outbreaks. Local health agencies have carried out various
actions, such as lockdowns, mask mandates, and vaccination drives, which have substantial
impacts on disease transmission dynamics. Future work should focus on integrating these
human intervention factors into the forecasting model to enhance its predictive accuracy and
usefulness for public health planning. In addition, given the diversity of host species and
virus serotypes, there is a clear need for more detailed data collection. Future work should
aim to gather comprehensive information on the transmission dynamics of different virus
serotypes across different host species and integrate this data into the model, potentially
improving the accuracy and specificity of disease forecasts.

In Chapter 5, the model’s consideration of indirect contacts was limited to truck vis-
its, neglecting other significant transmission vectors such as personnel visits and airborne
transmission. The exclusion of auction markets from the analysis also represents a gap in
understanding the full scope of FMD transmission. Future studies should aim to incorpo-

rate these additional indirect contact pathways and examine the role of auction markets in
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disease spread.

The PICTUREE—Aedes web application, discussed in Chapter 6, relies on temperatures
recorded at weather stations, which may not accurately reflect micro-climatic conditions
in nearby areas. Moreover, the model’s consideration of water sources for Aedes mosquito
breeding is limited to precipitation, omitting other critical sources such as wastewater and
artificial water bodies. Future developments should focus on integrating local temperature
data and a broader range of mosquito breeding sites into the model to refine risk assessments
and forecasts.

In addition, the future integration of artificial intelligence (AI) into infectious disease
forecasting will lead to a dramatic improvement in our capacity to predict, manage, and

10151 - AT, with its unparalleled com-

mitigate the impacts of epidemics and pandemics
putational power and learning capabilities, keeps revolutionizing our approach to disease
prediction by analyzing vast datasets ranging from real-time health data to social media
trends and environmental changes, adapting to new information, and refining its predictions
in real-time as outbreaks evolve.

Across all chapters, a recurring theme is the need for more detailed data collection and
the incorporation of a wider range of environmental and human factors into disease trans-
mission models. Future research should also explore the development of more sophisticated

data assimilation techniques and algorithms to enhance model accuracy and predictive ca-

pabilities.
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Appendix A

Estimations and forecasts of dengue

outbreak for Singapore and RDJ

A.1 Estimations and forecasts of SEIR-SEI-EnKF model

for Singapore and RDJ

Fig.A.1 and Fig.A.2 show the parameter estimations, estimated and predicted dengue out-
break dynamics in Singapore and Rio de Janeiro Brazil based on the SEIR-SEI-EnKF model.
The dengue case data from epidemic week 1/2020 to 50/2020 in Singapore and the case data
from epidemic week 7/2015 to 42/2015 were used as the observations. The simulation results
are similar to the ones in Kaohsiung Taiwan. The curves for the infection rates are similar
and the value of betay; is larger; the estimated and predicted recovered population corre-
sponds to the actual data. The epidemic peak time is estimated at week 29 in Singapore

and week 13 in RDJ.
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Figure A.1: Estimation and prediction results for 2020 dengue outbreak in Singapore
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Figure A.2: Estimation and prediction results for 2015 dengue outbreak in RDJ
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Figure A.3: Real-time predictions for 2020 dengue outbreak in Singapore

A.1.1 Real-time prediction of different disease models for Singa-

pore and RDJ

Fig.A.3 and Fig.A.4 show the real-time predictions of the dengue cases in Singapore and
RDJ from three models. The results are also similar to the ones in Kaohsiung. The 1-step
predictions for each model are the most accurate among all 5-step ones, and the predictions

from the SEIR-SEI model are more accurate than the other two models.
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