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ABSTRACT

In recent years, the field of disease surveillance and modeling has commanded global attention. The
interconnected nature of the world makes understanding disease transmission and prediction more crucial
now than ever, something we all witnessed first-hand during the COVID-19 pandemic. Mathematical and
statistical models serve as valuable tools for understanding the underlying dynamics of diseases and
predicting their spread under various scenarios. Our goal in this thesis is to harness the strengths of both
mathematical and statistical models to provide insights that can help inform public health policy. We focus
on COVID-19 and West Nile virus (WNV).

We develop a COVID-19 transmission model tailored to the Colorado School of Mines campus. This
model extends a traditional SEIR framework by incorporating stochastic transitions, thereby capturing the
unique transmission dynamics prevalent within a university setting, including testing protocols, quarantine
procedures, and isolation strategies. An innovative fitting approach, leveraging Approximate Bayesian
Computation (ABC), enables the refinement of the model based on critical data points, ensuring accurate
parameter estimation. This enables simulations of the model to evaluate various surveillance testing
strategies, assessing their potential efficacy in mitigating disease spread.

Subsequently, we shift our focus to the spread of West Nile virus (WNV) in Ontario, Canada. We first
present a purely statistical model using a zero-inflated Poisson to model human data and investigate the
correlation between human WNV case counts and key predictors such as mosquito infection rates, bird
abundance, and environmental variables. We then apply our ABC methodology to fit a model of WNV
transmission between birds and mosquitoes with mosquito trap data. This showcases the adeptness of the
ABC method in fitting different models to complex and noisy datasets, emphasizing its utility in
addressing sophisticated epidemiological questions.

This thesis highlights the value of blending mathematical and statistical methods in disease modeling.
These combined approaches are essential for better disease surveillance and increased prediction accuracy.
At a time when more public health data are available than ever before, the ability to analyze and
incorporate this vast amount of data into predictive models is crucial to enhancing our understanding of

disease spread and inform public health policies.
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CHAPTER 1
INTRODUCTION

Infectious disease spread and prediction have been a cornerstone of the news and our lives in recent
years. The COVID-19 pandemic had a profound impact across the world and also played a very pivotal
role in the development of this thesis. The pandemic highlighted the importance of research in the eld of
disease modeling due to the urgent need for solutions in a public health emergency. The amount of public
health data being collected, reported, and made available was unprecedented. Determining how to utilize
this data to better understand the mechanisms of disease spread, including transmission methods, duration
of infectiousness, and susceptibility factors, became an urgent priority. Furthermore, assessing the
e ectiveness of non-pharmaceutical interventions, such as wearing masks, implementing testing protocols,
and enforcing quarantine measures, was of high priority for public health o cials. Disease modeling has
been used by mathematicians on many di erent diseases, but never had there been so much available data
or such a sense of urgency to nd answers. The pandemic highlighted the need for continued research in
the eld of mathematical epidemiology to enhance our preparedness and response strategies for future
pandemics and outbreaks. This thesis will focus on statistical and mathematical methods applied to both

COVID-19 and West Nile virus.
1.1 Mathematical Models of Disease Transmission

Mathematical models serve as a valuable tool in epidemiology to study the spread of infectious diseases.
Models incorporate the biological knowledge of how a disease progresses and is transmitted. They allow
rapid simulation of disease trajectories under theoretical scenarios and can help public health o cials plan
and prepare for disease outbreaks. Di erent types of disease modeling approaches have been developed and
can be used based on the goal of the model. Choosing between a detailed model that incorporates every
aspect of disease transmission and a simpler model involves a trade-o : more complex models are
computationally intensive, involve more parameters, and are more challenging to interpret. As is often
quoted and attributed to George E.P. Box, \All models are wrong, but some are useful’. The most
important part of choosing a model is to ensure that it is useful to answer the speci ¢ questions of interest
for a particular disease or data set.

Compartmental models, which divide a population into distinct compartments based on their disease
status, are frequently used to model the spread of a disease over time. These models are often based o of

the Susceptible-Infected-Recovered (SIR) model rst introduced by Kermack and McKendrick in 1927 [1].



Individuals move between the stages of the disease, or compartments in the model, based on transition
rates speci ¢ to the particular disease. This is often modeled as a set of ordinary di erential equations
(ODEs) as in Equations 1.1 - 1.3 whereS; |; and R represents susceptible, infected, and recovered

individuals and N is the total number of individuals in the population:

ds |

@ OND (1.1)
dl |

G- NS " (1.2)
dR

=" (1.3)

This model assumes that a susceptible individual may become infected when they come into contact
with an infected individual. The probability of contact is typically modeled using the law of mass action
and is dependent on the number of individuals in the Susceptible and Infected compartments. The contact
rate accounts for both the transmissibility of a disease and the average number of contacts per individual.
The rate individuals transition from | to R is determined by the rate of recovery for the disease, .

The SIR model can be easily extended to include additional compartments that represent the dynamics
of a speci c disease or to track other factors that in uence disease transmission and prevention. In uenza
and SARS-CoV-2, the virus that causes COVID-19, for example, are known to have a latent period
between exposure to the disease and becoming infectious. The addition of an \Exposed" compartment,
known as the SEIR model, may be more able to capture the dynamics of these diseases [2, 3].
Compartments speci ¢ to a current environment or public health concern can also be added such as
guarantine, testing, or hospitalization [4, 5]. Compartmental models can also be further strati ed to allow
for di erent dynamics in subgroups of the population, such as by age, to better re ect the di erent social
and risk dynamics within each group.

Ross [6] presented a malaria model of mosquitoes and humans and discovered a threshold that would be
su cient to eliminate malaria. This was the rst introduction of the concept of the basic reproduction
number, now typically denoted asRp. The basic reproduction number is de ned as the expected number of
disease cases produced by one infected individual in a fully susceptible population. If the value & < 1,
the disease will die out, ifRg > 1 it results in an epidemic. In the SIR example,Rg = —. The value of Rg is
intrinsic to each disease, determined by its speci ¢ transmission and recovery rates. Control strategies can
be implemented to reduce the e ective reproduction number either by reducing the contact rate, through
measures like mask-wearing, or by reducing the duration individuals remain infectious, through measures

like testing and quarantine protocols.



Compartmental models assume homogeneous mixing within a population, implying that susceptible
individuals are equally likely to encounter infected individuals. However, at the beginning of an outbreak
with only a few infected people, transmission is a stochastic event highly dependent on the contact
patterns of these infected individuals [7]. While deterministic models predict that an outbreak will always
occur if the basic reproduction number Rg) exceeds 1, the stochastic nature of transmission means that
limited contact networks amongst infected individuals can potentially result in only a limited number of
cases and only a small outbreak. This highlights the need for alternative models, especially in the early
stages of an outbreak.

Other prevalent models in disease modeling include network and agent-based models. Network models
represent the connections between individuals in a population and can be used to study how disease
spreads through social networks. In these models, individuals are represented as nodes within a graph
connected by edges that symbolize their contact networks. Disease transmission is then modeled as a
stochastic branching process, tracking the path of infection through these connections [7]. Agent-based
models focus on simulating the actions and interactions of each individual agent and their interactions with
other agents. These models capture complex social and behavioral dynamics that in uence disease spread,
such as movement patterns or the e ect of public health interventions. However, their detailed nature
makes them computationally demanding and require a large amount of data to create the full model. In
general, each type of mathematical model has its own strengths and weaknesses, and the choice of model
depends on the speci c research question and the available data.

There are various ways to structure and run mathematical models, apart from the di erent types of
models. These models can be either deterministic or stochastic, continuous or discrete, and spatial or
non-spatial. Compartmental models are commonly represented using a system of deterministic ODEs at
continuous time. The ODEs can be rewritten as di erence equations for the discrete time case. While
compartmental models may not capture the same level of detail as agent-based or network models, they
can be further strati ed to allow for di erent dynamics in subgroups of the population, such as by age, to
better re ect the di erent social and risk dynamics within each subgroup. Additionally, compartmental
models are computationally e cient and require less data. These models are e cient and easy to simulate
at di erent parameter values, but fail to capture the stochastic nature of disease spread. Stochasticity is
particularly important to consider in cases when the initial cases are low or the population is small. A
chain binomial model is one discrete-stochastic compartmental model alternative that we will be utilizing
in this thesis [8]. In this model, the number of individual transitioning from each compartment at each
time is assumed to be binomial. The chain binomial model can be run as a Markov chain with binomial

probability of transitioning between compartments based on the current state of the system, which allows



for better capturing of the randomness of the disease transmission process. Given that a single set of
parameter values can produce numerous possible trajectories, tting the model to a singular data curve
proves more challenging than in deterministic scenarios, where one set of parameters yields a single curve.
Despite this complexity, the stochastic model o ers a signi cant advantage by allowing us to more
accurately quantify the uncertainty inherent in model predictions [9].

It is interesting to note that these early compartmental models were not developed by mathematicians
but by physicians such as Sir R.A. Ross, W.H. Hamer, A.G. McKendrick, and W.O. Kermack [7]. The
importance of interdisciplinary collaboration has been a cornerstone of disease modeling since its inception.
Incorporating the knowledge of experts such as physicians, biologists, immunologists, and social scientists
into our mathematical models can enhance the models to be both more realistic and practical.

Statistical models are an essential tool for epidemiologists to analyze infectious disease data.
Generalized linear models are often used to investigate the relationship between potential predictor
variables with binary or count disease data. Time series analysis can detect trends and seasonality, while
spatial random e ects can be Incorporated to account for spatial dependence or clustering in the data.
Bayesian methods are popular to use in disease modeling due to their ability to incorporate prior
knowledge and uncertainty into the model.

Statistical approaches can be integrated with mathematical models to provide a more comprehensive
understanding of factors impacting disease spread [10]. Mathematical models can provide a framework for
understanding the underlying dynamics of disease transmission, while statistical models can provide a way
to estimate model parameters and test hypotheses using observed data [10]. One common approach is to
use mathematical models to generate synthetic data sets that can be linked to data through statistical
models. For example, a compartmental model can be used to simulate the spread of a disease, and the
resulting output can be t to the true disease data using statistical methods to estimate the parameters in
the model [11{13]. Another approach is to use statistical models to estimate the parameters of a
mathematical model directly using observed data. For example, a statistical model can be used to estimate

the transmission or recovery rates based on clinical data [14{16].
1.2 Introduction to Bayesian modeling for Infectious Diseases

Bayesian modeling lends itself well to working with disease data. It allows for the incorporation of prior
knowledge about disease dynamics or parameter distributions, which is especially valuable in the early
stages of an outbreak when data are sparse. Furthermore, the probabilistic nature quanti es uncertainty in
parameter estimates and predictions, which is crucial for informed decision-making in public health. The

Bayesian approach, based on Bayes' Theorem, involves incorporating prior beliefs of our parameters with



observations to obtain an estimated distribution of the parameters (Equation 1.4) [17]. Theprior
distribution re ects our beliefs about the parameters before observing the dataf ( ), the likelihood
represents the probability of the data given the parameters,f (dataj ), and the posterior distribution

combines these to re ect our updated beliefs after observing the dataf ( jdata).
f(jdata)/ f() f(datg ) (1.4)

Prior distributions are assigned to model parameters and a likelihood function describing the
distribution of the data given these parameters is speci ed. For simpler models, it's often possible to derive
the posterior distribution analytically, providing direct insights into parameter uncertainties. However,
analytical solutions to the posterior distribution are not always possible, particularly in more complex
models. In such cases, alternative estimation techniques are necessary. One commonly used method is
Markov Chain Monte Carlo (MCMC) [18]. MCMC involves sampling from the posterior distribution when
direct calculation is impractical. The process begins by evaluating the likelihood at an initial set of
parameter values. Subsequent parameter values are then proposed, typically from a distribution centered
on the current parameter values. The likelihood of the new parameter set is evaluated and compared with
the likelihood of the previous set. Based on this comparison, the new parameter values may be accepted or
rejected. This procedure generates a chain of parameter values where the distribution of these values
converges to the posterior distribution after a su cient number of iterations. In order to achieve
convergence of the MCMC chains, careful tuning and diagnostic checks are required which can be di cult
and tedious [18, 19]. For complex models this can be very computationally intensive and expensive.

An alternative method to MCMC is the Approximate Bayesian Computation method (ABC) [20].

Unlike MCMC, which requires an evaluation of the likelihood function, ABC methods avoids this, o ering
a practical solution for complex models where direct likelihood computation is challenging. ABC methods
approximates the posterior distribution by generating simulated data from the model at proposed
parameters and assessing the similarity of the simulated data to the observed data based on a set of
carefully selected summary statistics. Parameters that result in a close match with the observed data are
accepted into the posterior sample based on prede ned acceptance criteria. The choice of summary
statistic and acceptance threshold are important metrics to ensure the accuracy of the method.

In this thesis, we employ both MCMC and ABC approaches to tackle distinct problems, demonstrating
the versatility of Bayesian methods to address various challenges in statistical modeling. Particularly, we
showcase the e ectiveness of an ABC methodology where disease trajectory data is reduced to a few pivotal

time points. We show this simpli cation still allows for an accurate estimation of the model parameters.



1.3 Outline of the thesis

The importance of disease surveillance and modeling has increased in recent years, driven by an
unprecedented in ux of data. This development has emphasized the need for advanced methods to analyze
and integrate this data into models for e ective policy and decision making e orts. This thesis explores
both mathematical and statistical models to understand and predict disease spread dynamics.

In Chapter 2, we develop a model of COVID-19 spread within the Colorado School of Mines campus
community. By extending the traditional SEIR model with stochastic transitions, we capture the distinct
dynamics of disease spread on our campus, including mechanisms for testing, quarantine, and isolation. A
novel tting method employing an Approximate Bayesian Computation (ABC) approach allows us to re ne
our model based on key data points. This method proves to be e ective for parameter estimation, enabling
us to assess various surveillance testing strategies and their potential impact.

Shifting focus to West Nile virus (WNV) in Chapter 3, we introduce a statistical model to examine the
spread of the virus in Ontario, Canada. Through a zero-in ated Poisson model, we investigate the
relationship between human WNV case counts and factors such as mosquito abundance, infection rates,
and environmental conditions. Utilizing a Bayesian approach with Markov Chain Monte Carlo (MCMC)
techniques, we t our model to data spanning 2010-2019, revealing insights into the disease's dynamics.

Further, in Chapter 4, we apply our ABC methodology to an SEIR model of WNV transmission
between birds and mosquitoes, based on mosquito trap data. This approach demonstrates the ability of the
ABC method to e ectively t the model to complex and noisy data sets, highlighting its value in tackling
sophisticated epidemiological challenges. In Chapter 5, we wrap up with a discussion on potential avenues

for future research and summarize our ndings.



CHAPTER 2
MODELING THE SPREAD OF COVID-19 ON THE COLORADO SCHOOL OF MINES CAMPUS

This chapter introduces a stochastic model tailored to the Colorado School of Mines (Mines) to analyze
the transmission dynamics of COVID-19 and to evaluate surveillance testing strategies within a university
context. Using an extended SEIR framework with stochastic transitions, our model accounts for the unique
characteristics of disease spread in a residential college, including speci ¢ states for testing, quarantine, and
isolation. Employing an approximate Bayesian computation (ABC) method for parameter estimation, we
navigate the complexities inherent in stochastic models, enabling an accurate t of the model with the
campus case data. We then simulate our model under the estimated parameters to evaluate the e cacy of
di erent testing policies that could be implemented on campus. This framework not only advances
understanding of COVID-19 dynamics on the Mines campus but also can serve as a blueprint for

comparable settings, providing insights for informed strategies against infectious diseases.
2.1 Introduction

The COVID-19 pandemic a ected society and public health decision making in many ways. One
notable example is how this epidemic was managed on college campuses. Here, administrators had a degree
of autonomy in implementing policies regarding regular testing, isolation of those exposed, and quarantine
of infected individuals. The unigue nature of college environments, characterized by communal living
spaces, extensive contact networks, and shared facilities, signi cantly increases the risk of disease
transmission. Following the widespread shift to remote learning in March 2020, there was a national push
to resume in-person education due to its bene ts for learning outcomes and nancial pressures [21].
Consequently, extensive research has been conducted to model the spread of COVID-19 within college
settings, in order to identify the most e ective strategies for a safe reopening such as employing
non-pharmaceutical interventions such as wearing masks, social distancing, and testing to mitigate spread
[22{29]. Among the strategies explored, surveillance testing emerged as a critical policy tool. One such
study (Gressman and Peck [28]), employed agent-based models to evaluate the impact of various control
measures in reducing virus spread within a large residential university. Notably, they found that moving
large classes online and increasing test sensitivity were the most e ective strategies. Similarly, Paltiel et al.
[29] explored cost-e ective reopening strategies, nding that testing every two days, even with tests of low

sensitivity, could signi cantly limit the size of outbreaks on a college campus.



A residential campus can be considered a quasi-isolated environment, this provides the opportunity to
model the dynamics of COVID-19 in a small and largely closed population. Our goal is to develop a
stochastic model that mirrors COVID-19's spread on the Colorado School of Mines (Mines) campus, closely
aligned with observed case data. We develop an extended SEIR model with stochastic transitions to
represent the dynamics of the Mines campus and employ an Approximate Bayesian Computation (ABC)
method for tting to campus case data. Using the collected posterior samples and credible intervals, we
then simulate the model under di erent testing strategies and scenarios to predict the impact of these
changes on the trajectory of the disease. This allows us to investigate the potential e ect of interventions,
such as changes in testing frequency or number of tests, on the spread of the disease. We use this model to
predict the expected number of cases and the timing of future outbreaks with associated uncertainty.

Our approach stands out due to its focus on stochastic modeling, which allows for a more accurate
variation of disease transmission in a moderate-sized population compared to traditional di erential
equation models. Incorporating stochasticity is particularly important when the initial number of
infections is small and when variability in transmission signi cantly in uences the trajectory of the
epidemic, as highlighted in Allen [9]. Stochastic models are also favored for their superior ability to
quantify prediction uncertainties [30]. For parameter estimation, we adopt an approximate Bayesian
computation (ABC) approach, a method that provides an approximation of the posterior distribution by
simulating the model under conditions where direct likelihood computation is challenging or impossible
[31, 32]. This strategy not only ensures a precise alignment of our model with observed data but also
allows for a comprehensive assessment of predictive uncertainties. Finally, being focused on a single
university and part of the Mines COVID-19 task force, we are able to address speci ¢ issues that would
help to inform decision making by the Mines President and Provost. This kind of analysis may be helpful
in the future if Colorado, and Mines, in particular are again beset by a pervasive epidemic.

This paper is structured as follows. In Section 2 we introduce the CSM COVID-19 case data. We also
present the details of our extended compartmental model, including our methodology for tting the model
with campus case data. Furthermore, we outline the various testing strategies we simulate, utilizing our
calibrated model to assess their impacts. Section 3 presents the outcomes of tting our stochastic model to
the data and the results from simulating di erent testing strategies. We conclude with a discussion of our

ndings, highlighting both the strengths and the limitations of our methodology.
2.2 Data

The Colorado School of Mines is a public research university located just west of Denver in Golden,

Colorado. The campus consists of approximately 5000 undergraduate and 1500 graduate students. On



March 13, 2020 in response to the COVID-19 pandemic, like many universities, the Colorado School of
Mines transitioned to fully remote for the rest of the Spring semester. In Fall of 2020, students were given
the option of returning to campus with 70% of classes o ered in an in-person or hybrid format. For the
safety of the students and faculty returning to campus, Colorado School of Mines partnered with
COVIDCheck Colorado (CCC), a social bene t enterprise of the Gary Community Investment Company,
to implement a COVID-19 surveillance testing program on the Mines campus [33]. Results were
guaranteed to be returned within 48-72 hours. All students living on campus, athletes, and some
face-to-face faculty were included in the surveillance testing pool and were being tested every two weeks.
Any student exhibiting symptoms could be tested either through CCC or though the Student Health
Center. Campus administrators were interested in examining the e ect of di erent potential surveillance
testing strategies on the spread of the disease on campus. Speci cally how often should testing of students
be conducted and what is the impact of students who, for various reasons, fail to be tested regularly.

Campus case data for the Fall 2020 semester are shown in Figure 2.1. We observe a small peak in cases
in week 8 and a larger surge in cases in weeks 12-13. Similar trends are present in the timing of peaks in
cases in the spring semester relative to the school breaks (Figure 2.2). In each semester, we observe
multiple peaks of increasing intensity in cases. This cannot be captured with a deterministic SEIR model
as infections will always increase quickly at the beginning of an outbreak and subsequent waves will be of a
lower intensity if assuming xed rates for all parameters. We hypothesize the peaks that occur after school
breaks are due to students experiencing an increased rate of infection from o -campus travel or other
activities.

Campus administrators have a crucial goal of mitigating the peak number of COVID-19 cases on
campus through testing. Our study centers around the hypothesis that these peaks in cases can be
e ectively controlled through a strategic testing approach. We investigate the impact of various
surveillance testing strategies on the spread of the disease within the campus community, with a particular
focus on the frequency of testing and the number of students being tested. We aim to provide valuable
insights that can allow campus administrators to make informed decisions to safeguard the health and

well-being of students and faculty at the Colorado School of Mines.
2.3 Stochastic SEIR Model

We rst describe a simple SEIR model and then propose an extended model with additional
compartments that is more accurate for the Mines campus. An SEIR model is a common compartmental
model used in epidemiology to track the spread of a disease through a population [34]. This model

represents movement between stages of the disease; Susceptible, Exposed, Infected, and Recovered. A



Figure 2.1 Weekly new COVID-19 cases reported among Colorado School of Mines students during the Fall
2020 Semester.

susceptibleindividual is someone who can become infectious. After contact with an infectious individual, a
susceptible individual will transition to the exposedcompartment. Exposed individuals have been infected
with the virus but are not yet contagious or detectable through testing. Infected individuals are those
currently infectious with the disease and able to spread the disease. Finallyecoveredindividuals are those
that have previously had the disease and are now recovered. Recovered individuals are assumed to be
immune from becoming reinfected. Individuals move among these compartments at di erent rates
depending upon the speci c disease.A deterministic mathematical representation of the proportion of
individuals in a given compartment is described as the system of ordinary di erential equations in

Equations 2.1 - 2.4.

o L
O('j'f = rleS E 2.2)
‘;'t = E | (2.3)
Oc'jF: = | (2.4)
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Figure 2.2 Dynamics of Active Daily COVID-19 Cases Centered Around Fall and Spring Breaks. Active
daily cases, calculated from the time of a positive test until the end of a student's 10-day isolation period,
are shown in gray while the solid black line represents the centered rolling 7-day average. Fall break occurs
at day 70 in the semester, while spring break occurs on day 105. Both semesters exhibit similar patterns:
an initial surge of cases at the start of the semester, followed by a second surge just before the break, and
the largest surge occurring after the break

In small populations, a deterministic representation may not accurately depict the variability in
individual contacts, as highlighted by King et al. [30]. The number of social contacts per person can vary
signi cantly, making these populations more susceptible to random uctuations that can dramatically alter
the dynamics of disease spread. Deterministic models, which average these patterns, fail to capture the
impact of individual behaviors e ectively. Also, the use of continuous time is an approximation since the
dynamics of COVID-19 in an actual population has a natural time scale at a daily level with ner
granularity involving more detailed diurnal features of individual behavior.

Here, we model the system dynamics using di erence equations that evolve on a daily basis and
incorporate stochasticity as follows. Our approach is encapsulated in what is termed ahain binomial
model a discrete-time stochastic counterpart to traditional continuous-time models, initially introduced by
Bailey [8]. This model introduces a stochastic element by assuming that transitions of individuals between
compartments at each time step follow a binomial distribution. The key feature is that the probabilities in
the binomial distribution are equal to the rates used in Equations 2.1 - 2.4. For instance, the transition

from compartment S to compartment E at time t + 1 is represented bynsg  Bin (S(t); ,'\I—), where nsg
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denotes the number of susceptible individuals that have been exposed at time(days) and t 2 N. Similarly,
all other transitions follow the same rules. Thus, the di erence equations are formulated as Equations 2.5 -
2.8. In this way our stochastic version will recover the deterministic di erence equations from the SEIR as
the population size becomes very large and the transitions in continuous time are well approximated by

daily di erences.

S(t+1)= S(t) nse (2.5)
E(t+1)= E(t)+ nsg ng (2.6)
It+1)=I1(t)+ ng N (2.7)
R(t+1)= R(t)+ nRr (2.8)

The basic SEIR model is extended to include compartments speci ¢ to both COVID-19 and the
Colorado School of Mines campus. These extensions are itemized below and the complete model is
diagrammed in Figure 2.3. Some of these compartments also help to track speci ¢ populations and
numbers of cases that will help with campus policies. For example, the inclusion of this testing
compartment allows us to constrain the total number of tests being administered and test the impact of
increasing our testing capacity or frequency of surveillance testing. Additionally, it enables us to measure
the impact of longer or shorter waiting times for results on the spread of the disease.

Extended Compartments:

Separate quarantine Sg, Qq) and isolation (Q;) compartments due to limited campus space
allocation, and tracking the number of students in quarantine/isolation holds high importance for

campus administrators.

Two infectious compartments to di erentiate between symptomatic and asymptomatic infections, I g

and | o respectively.

Asymptomatic compartment for individuals who become infectious but remain untested throughout
their infectious period. These individuals transition directly to the Recovered Undetected

compartment (Ry) at a rate denoted by

Testing compartment (I 1) to monitor infectious individuals who have undergone testing. Those in the
surveillance testing group receive regular tests at a rate of¢ , with the proportion of students in the
surveillance testing program represented by . Symptomatic individuals are tested after developing
symptoms at a rate of 5. All infectious individuals who undergo testing transition to the It

compartment until their results are received. For simplicity, we assume test results are 100% accurate.
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Figure 2.3 Colorado School of Mines extended SEIR model. Flowchart depicting the dynamic interactions
and transitions among individual students through di erent compartments in an extended SEIR model.
The model tracks individuals on campus through stages of COVID-19, including compartments for
Susceptible §), Susceptibles in quarantine §q), Exposed (E), Asymptomatic (|,), Symptomatic (Is),
Infectious individuals being tested (), Isolation(Qi), Quarantine (Qg), Recovered Detected Ry), and
Recovered Undetected Ry ). The arrows represent the ow of individuals between compartments, with
respective parameters governing the transitions as detailed in Table 2.2.

The role of isolation and quarantine for the campus population is an important aspect for the dynamics
of this system and also one of interest to administrators making decisions. In our model, individuals that
receive a positive test will transition into Isolation, Q;. Individuals in Isolation will no longer be able to
spread the disease to others and will eventually transition into Recovered DetectedRp . For every
individual that enters isolation some number of their close contacts,ncc, will enter into quarantine. These
nce close contacts will be chosen equally from the eligible quarantine compartments$; E; 1 a;ls;Ry.
Individuals who have previously tested positive and are now inRp are temporarily exempt from
guarantine. We assume a \perfect" quarantine in which individuals who enter quarantine as susceptible
will not become infectious during their quarantine period. Additionally, exposed or infectious individuals in
guarantine will not spread the disease to anyone else outside of quarantine. We denote the susceptible
individuals in quarantine as Sg and all other individuals in quarantine as Qq4. Susceptible individuals in
quarantine will transition back to S at the end of their quarantine period. Individuals in Qq will transition
to either Rp or Ry at the end of their quarantine period.

The complete model is formulated as in Equations 2.9 - 2.18. Transition probabilities and parameters
are shown in Table 2.1 and Table 2.2 respectively. We assume all parameters are xed except for the
transmission rate, , the proportion of infections that are symptomatic, , and Iy, an increase in exposed

students returning from a break. The ranges on and coincide with estimates for Ry = (0:8; 14:8) as
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formulated in the following section. The xed parameters are set with either values found in the literature
on the phases of the pandemic [35, 36] or known values speci ¢ to our campus. Individuals transitioning
from each compartment are again treated as binomial draws with the exception of individuals transitioning
into testing or quarantine compartments which depend on the size of the surveillance testing pool and the
number of individuals that test positive, respectively. Additionally, we assume that after fall/spring break,
some students will become exposed o -campus and will return as Exposed after the break. We denote the
number that become infected during the break ad ;. Thus, we have three unknown parameters in the

model that we will t with the campus case data: ; ; and oy .

Table 2.1 Transition Probabilities. Individuals in the rst column are selected with the given probabilities
to transition to the compartment in the second column compartment at every time period t.

From S E Ia N ls ls It Qi Qq S E;la;Ry
To E Ia Is | It Ru It [ Qi |Ru | Ro | Ru | Sq Qq
Probability @ ) cla ) s clon [ g | g q

Table 2.2 Parameters in the model and their initial estimates. The and ranges chosen coincide with
reasonable estimates folRy. We estimate these parameters by tting with the Colorado School of Mines
COVID-19 case data. The xed parameters are set at either values found in the literature or known values
speci ¢ to our campus. The policy parameters are those we can control through policy decisions on campus.

| Parameter | Description | Estimate | Fixed | Est [ Policy |
Transmission Rate 0.2-1.5(0.4) X
Proportion symptomatic 0.2-0.8(0.3) X
1= Duration exposed but not infectious 3 days X
1= Duration detectable and infectious 14 days X
Proportion students in surveillance testing 0-1 (0.4) X
1= Surveillance testing frequency 3-14 days (14) X
1= Duration symptomatic before testing 2 days X
1=, Waiting time for test results 2 days X
1=r, Duration of isolation 10 days X
1=rq Duration of quarantine 14 days X
N e Number of close contacts 0-20 (10) X
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S(t+1)= S(t) nse nNssy, + Nsys (2.9)

So(t+1)= So(t) nsys + Nss, (2.10)
E(t+1)= E() ne, DNes Negq *+ Nse (2.12)
la(t+1)= Ta(t) Ni; NisQe Niary + NEIL (2.12)
[s(t+1)= Is(t) nNigi; Nigry * NEI' (2.13)
IT(t+1)= I1(t) nipq + Ny + Nigir + Nty (2.14)
Qi(t+1)= Qi(t) nqrp * Ni;q, (2.15)
Qo(t+1)= Q(t) Nggir  NQgru:*+ NEQq * NiaQe * NRyQ, (2.16)
Rpo(t+1)= Rp(t)+ ngr, (2.17)
Ru(t+1)= Ry(t) NRryQe * MNisry + Nisky + NQoRy (2.18)

where all compartments are non-negative integers for for alt.
2.3.1 Basic Reproduction Number, Ro

The basic reproduction number, Rq, is de ned as the average number of secondary infections when an
infected person enters an entirely susceptible population and is a key metric determining the severity of
transmission of a disease. Brauer et al. [34] showed the value Bfy is the same in discrete-time models as
in continuous-time models. Thus, exploring the relationship between (the proportion symptomatic) and

(the transmission rate) in the model, we estimateRg using the continuous-time ODE model. The
calculation is performed using the next generation matrix method, detailed in the supplemental materials,
allowing us to derive an explicit equation for Rg, thus providing insights into how changes in model
parameters in uence disease spread dynamics.

We nd the following equation for Ry at the parameter values given in Table 2.2:

Ro=(14:8 108 )

The proportion of symptomatic individuals, denoted as , signi cantly in uences the expected basic
reproduction number, Rq. This is due to our assumption that symptomatic individuals are more likely to
get tested and therefore enter isolation, reducing their role in the transmission cycle. If all individuals are
asymptomatic, RO would increase by a factor of 3.7 compared to a scenario where all individuals are
symptomatic.

Figure 2.4 shows an example of the relationship between and with Ry = 1:0;2:0; 3:0; 4:0. This
illustrates the dynamic relationship between the transmission rate ( ) and the recovery rate ( ). Given
that represents a proportion, the results suggest can uctuate across its entire feasible range in

response to minor changes in .

15



Figure 2.4 Varying of the Basic Reproductive Number Ro) with Changes in Transmission Rate ( ) and

Proportion of Symptomatic Individuals (). This plot depicts the relationship between the transmission
dynamics of the disease, characterized by the rate of transmission § and the proportion of symptomatic
cases (), and how these two factors jointly in uence Ry, a key epidemiological metric.
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2.4 Approximate Bayesian Computation

Due to the stochastic nature of both our model output and data, parameter estimation for this model
poses a signi cant challenge. The multitude of possible trajectories generated by a single set of parameter
values makes tting the model to a single curve di cult. To overcome this, we adopt an approach for
estimation that focuses on only the most important aspects of the curve for policy makers. Rather than
seeking a perfect t, we focus on tting only the peaks in case data. This allows us to extract valuable
insights from the data on the timing and height of peaks and make accurate predictions of future case
surges. Moreover these statistics re ect the level of temporal resolution that is relevant for how campus

administrators were able to monitor case count data.
2.4.1 ABC statistics

We de ne a \peak" to be an increase in cases for at least 1 week followed by a decrease for 1 week with
the minimum number of weekly cases of at least 20. We nd the number of peaks and their timings in the
Mines COVID-19 case count data for the Fall 2020 semester and for clarity we refer to these as the ABC
statistics. Speci cally our ABC Statistics are de ned as the number of peaksthe timing of the peaks and
the height of the peaks

The ABC approach involves simulating the model at di erent parameter values and comparing the
distribution of simulated ABC statistics with those in the observed data. In general this comparison also
involves setting a tolerance for continuously varying and multivariate statistics for acceptance. Parameter
values that produce similar ABC statistics to the true values have higher posterior probability. The
parameters we allow to vary in the model are , the transmission rate, , the proportion of infected
individuals that are symptomatic, and |y, the number of infected individuals that return to campus after
break. We assign prior distributions to each of these parameters, such that  U(0:2; 1), u(0;1),
lout U(Z;200). These prior ranges lead to potentialRy values ranging from Q6 14:8 and so provide a
wide range of possible basic reproduction rates.

We create a grid of 21 points across the prior range for, and |, resulting in 21° combinations. For
each combination of parameters, 1000 trajectories are generated using the full stochastic model. The
timing and height of each peak in the simulations are calculated and compared to the true data. A
parameter combination is accepted if it satis es the following conditions: the number of peaks matches the
true data, the timing of each peak falls within a 1-week range of the true data, and the height of each peak
is within 10 cases of the true data. Speci cally, we compute posterior estimates for the parameters as
detailed in Algorithm 1 and use the posterior samples to determine credible intervals for each of the

unknown parameters. We note that this is one of the simplest forms of posterior sampling: we generate the

17



ABC statistics and model parameters from the joint distribution of likelihood and uniform priors and then
report the conditional sample of parameters where the ABC statistic values match the observed statistics.
For any combination of model parameters simulation of multiple realizations of the Mines COVID-19 case
count time series is fast and can be done in parallel. In our work we typically generate 1000 realizations of
the times series for a xed set of model parameters and so our Monte Carlo uncertainty for the posterior

probabilities are based on binomial sampling of 1000 trials.
2.4.2  Justi cation of ABC

By summarizing our data in terms of these ABC statistics, we have condensed a complex and
non-Gaussian time series to focus solely on a handful of pivotal features. Note that these statistics can be
interpreted as discretizing time to weeks, the number of cases to 10's of cases. The number of peaks is, of
course, already a discrete set. The ABC computation for the time series based on this reduction is now an
exact Bayesian analysis. Moreover the Bayesian posterior is readily computed using Monte Carlo sampling
without resorting to Markov chain sampling. In general the ABC approach can be criticized for being
subjective in the choice of statistics and acceptance criteria. However, in this application the choice of
\su cient statistics” is deliberate, re ecting our understanding of the limits of the data and the speci c
features of COVID-19 transmission and testing needed to make campus health decisions. In addition, the
granularity of the statistics can always be made ner to address more features in the case counts and will

just involve more sampling.

Algorithm 1 Approximate Bayesian Computation (ABC) for Posterior Estimation

1: De ne a uniform grid of parameter values for , , and |y, within the ranges speci ed by their respective
prior distributions.

2: Create a set of all possible combinations of these parameters within the de ned grid.

3. for each parameter combination ; in  do

4: Simulate 1000 trajectories of the model using parameters;

5 for j =1 to 1000 do

6: Calculate ABC statistics for the simulated trajectory

7 Check if the number of peaks is equal to the data

8

9

Check if the timing of the peaks are within +/- 1 week
: Check if the heights of the peaks are within +/- 10 cases
10: if All ABC statistics are within the given thresholds then
11: Accept the parameter values ; to the posterior sample

2.5 Evaluating COVID-19 Testing Strategies

Once our model has been t to the data, we use these estimated parameters to simulate the e ect of
di erent COVID-19 testing policies that are available to the administration. Speci cally, campus health

administrators were interested in determining if testing could lower the number of students in
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guarantine/isolation and the total number of cases by the end of the semester. At the start of the Fall 2020
semester, approximately 40% of students attending classes in person were being tested every 14 days as
part of the surveillance testing program. We simulated the e ect of increasing the proportion of students
tested to 60% and 80% and increasing the frequency of testing to one time per week and two times per
week. In each of these simulations, we compare the total number of students in quarantine and the total

number of cases at the end of the semester. Each simulation is shown in Table 2.3.

Table 2.3 Simulated Testing Strategies. The rst row simulates the baseline used for the Fall 2020
semester. We then simulate the e ects of both increasing the proportion of students in the surveillance
testing group and increasing the frequency of testing.

Proportion Tested Testing Frequency
40% Every 14 days
40% Weekly
40% Twice a week
60% Every 14 days
60% Weekly
60% Twice a week
80% Every 14 days
80% Weekly
80% Twice a week

Given the large increase in COVID-19 cases observed following school breaks, we explored the impact of
mandatory testing before students return to campus. In this scenario, students testing positive are moved
immediately into isolation ( Q;) and e ectively removed from the general campus population, preventing
any subsequent quarantine among close contacts. We evaluated the e ects of simulating varying levels of
compliance, with 0%, 25%, 50%, 75%, and 100% of students undergoing testing before returning to campus

after fall break.
2.6 Results

In this section we rst present the results of a simulation study to assess the accuracy of our parameter
estimation method. Next, we t our model to campus case count data from the Fall of 2020. Lastly, we
explore the potential impacts of various testing strategies that could be implemented on campus. This
includes simulations of di erent levels of testing compliance and timing to identify optimal strategies for

minimizing COVID-19 transmission within the campus community.
2.6.1 Method robustness with simulated data

To evaluate the ABC estimation method, we simulated data at di erent parameter values within the

prior ranges for ;  and lo. 1000 curves were simulated from all permutations of
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= f0:25;0:75g; = f0:32,0:8g;and 1o = f100, 150y. Of the 1000 simulated curves, we sampled 100 curves
from each set of parameter combinations shown in Table 2.4 and assumed that curve was \true". Posterior
samples were collected using the ABC method described in Algorithm 1. Results are shown in Table 2.4
with 95% credible intervals for each parameter. The 95% credible intervals encompassed the true simulated
values for each parameter set. However, the credible intervals for were notably broad, o ering limited
insight beyond the initial priors. To further investigate the challenges of identifying , we repeated this
analysis while xing to its true value, which marginally narrowed the range for but not signi cantly.
For instance, with xed =0:32 and settings =0:25; 14, = 100, the credible interval for was (0, 0:61).

These results suggest that , the proportion symptomatic, cannot be well identi ed in this model.

Table 2.4 Posterior Credible Intervals for simulated data. We simulated 100 data curves at each of the
parameter values given in the rst column. Posterior samples were then collected using the method
described in Alogorithm 1. The 95% credible intervals for each simulated data set are shown here. Within
each set of parameter combinations, the true simulated value falls within the 95% credible interval,
although the credible intervals for covers nearly its entire feasible range.

Data simulated from: 95% Credible Intervals

Iout

=0:25 =0:32 1oy =100 | (0, 0.96) | (0.25, 0.44) | (43, 157)
=0:25 =0:321qx = 150 | (0, 0.99) | (0.26, 0.47) | (58, 178)
=0:25 =0:80, Iy =100 | (0, 0.82) | (0.64, 0.90) | (57, 192)
=0:25 =0:80, 1o = 150 | (0, 0.89) | (0.64, 0.90) | (59, 193)
=0:75 =0:321oy =100 | (0, 0.99) | (0.22, 0.41) | (53, 166)
=0:75 =0:321qx =150 | (0, 0.99) | (0.22, 0.41) | (53, 166)
=0:75 =0:80, Iy =100 | (0.14, 1) | (0.66, 0.89) | (70, 196)
=0:75 =0:801ox =150 | (0.22, 1) | (0.67, 0.89) | (73, 196)

2.6.2 Parameter estimation using case count data from Fall 2020

Using the algorithm for determining the model parameters from Section 2.4, credible intervals for the
campus data from Fall 2020 are found to be =(0;0:95); =(0:28 0:4);1., = (65;140). These intervals
correspond with estimated R, values of 1.7 - 3.8 which agree with estimates found in other studies
[14, 37, 38]. Joint and marginal posterior plots are shown in Figure 2.5 and Figure 2.6 respectively. The
range on is uninformative and we observe that small changes in lead to large changes in .

Based on this posterior distribution for the parameters, an ensemble of 1000 trajectories were simulated.
For clarity, we refer to these curves as theposterior case count trajectoriesand they have the interpretation
that each is an equally plausible history conditional on the data and our extended SEIR stochastic model.
Thus, the variation in these trajectories is useful to quantify the amount of uncertainty in the case counts.
These curves were summarized by a functional boxplot (Figure 2.7) [39]. The Fall 2020 case data was

added for comparison (yellow line in Figure 2.7). The posterior trajectories e ectively capture the trends in
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the true data, with the data falling within the 50% interquartile range of the simulated curves. The timing

and height of the highest peak at week 14 closely align with the median curve.

Figure 2.5 Joint posterior acceptance rates for Fall 2020 data. Each facet label indicates the number of
outside infections returning after break with values for and shown on the x and y axis. The color
indicates the proportion of simulations at each given parameter set that were accepted into the posterior
sample. The contour line shows the 95% credible interval at each value df,,;. Small changes in lead to
large changes in the accepted values for. As the number of outside infectionsl oy increases, the
proportion symptomatic, , decreases to compensate.

2.6.3 Simulation of di erent policy decisions

Drawing samples from the posterior for our unknown parameters, we simulated the model under
di erent potential surveillance testing strategies. Figure 2.8 depicts the distribution of detected cases,
undetected cases, and students in quarantine at the end of the semester under various testing frequencies
and percentages of students included in the surveillance testing program. An increase in both testing

frequency and the number of students tested results in a reduction in reported cases. Increasing the
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number of students tested appears to be a slightly more e cient strategy. For example, testing 40% of
students twice per week results in a 4% increase in cases compared to testing 100% of students every other
week while the latter requires 1500 less tests per week. On average, increasing the proportion of students in
the surveillance testing program from 40% to 80% results in a 66% decreases in undetected cases, an 11%
decrease in detected cases, and an 11% decrease in students in quarantine. Additionally, we observe
increasing the testing frequency from every other week to one per week yields only a 50% decrease in
undetected cases, an 8% decrease in detected cases, and a 9% decrease in students in quarantine.
Modi cations to the testing strategy have only a marginal e ect on detected cases and the total number of
students in quarantine. Asymptomatic individuals will not get tested unless they are part of the
surveillance testing program and thus an increase in testing is e ective at decreasing the amount of
undetected spread occurring and ultimately will help prevent spread on campus but this will also cause the
amount of detected cases to increase.

Our simulations indicate that increasing testing frequency can paradoxically lead to a slight increase in

the peak number of cases detected after breaks due to more e ective identi cation of infected individuals,

Figure 2.6 Marginal posterior credible intervals for unknown parameters tting with Fall 2020 data. The
range on , the proportion of individuals symptomatic, is very wide and still mostly undetermined.
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Figure 2.7 Functional Boxplot of curves simulated from posterior draws. The black line represents the
median, the inner box depicts the 50% IQR, and the yellow dashed line shows the Fall 2020 case data. The
posterior simulations are able to capture the trends and intensity of the peaks in the data.
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Figure 2.8 Impact of varying the frequency of surveillance testing and the percentage of students being
tested on the number of detected cases, undetected cases, and number of students in quarantine at the end
of the semester. Additionally, the total number of tests administered under each scenario is included.

While increasing testing frequency and coverage signi cantly lowers reported cases, it only slightly reduces

the number of students in quarantine by semester's end.
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as depicted in Figure Figure 2.10. External infections introduced to the campus following fall break do not
allow su cient time for testing strategies to substantially mitigate this in ux before the semester ends,
thus not signi cantly reducing the number of students in quarantine.

To counteract this, we explored the impact of mandatory testing before students return to campus. In
this scenario, students testing positive are moved immediately into isolation Q;) and e ectively removed
from the campus population, preventing any subsequent quarantine among close contacts. Our simulation
results show that requiring 50% of students to test before returning could reduce the number of cases after
fall break by an average of 60 (17.6%), while testing all students could decrease cases by 152 (44.3%) as
shown in Figure 2.9.

Pre-return testing has a larger impact on the number of detected cases following the break than
increased surveillance testing. For example, if 50% of the students are tested before returning, there is an
18% reduction in detected cases compared to scenarios where no pre-return testing occurs. This strategy
also leads to a 14% decrease in undetected cases. Furthermore, even if the tests used have only 50%
sensitivity, requiring all students to undergo testing before returning would be equivalent to 50% of
students testing with perfect accuracy and would still be an e ective strategy in mitigating the spike in

cases observed after the break.
2.7 Discussion

We developed a model to simulate the spread of COVID-19, tailored to the dynamics speci c to the
Colorado School of Mines campus. Recognizing the inherent variability and multiple peaks in the observed
case counts, we implemented a stochastic model to model transitions between di erent disease
compartments. This decision to employ a stochastic model was driven by the inadequacy of a deterministic
model in accounting for the observed variability in the data. As highlighted in King et al. [30], stochastic
models are favored over deterministic ones for their ability to better accommodate data variability and the
uncertainties associated with model parameters. Additionally, they recommend models should be t to
disaggregated data whenever possible. Thus, we tailored our model to the number of new cases reported
per week rather than relying on the cumulative case curve. While the stochastic model provides a more
accurate representation of COVID-19 dynamics on the Mines campus, it also poses challenges in parameter
estimation. To address this, we developed an ABC method to estimate three key parameters in this model
to campus case data and draw the posterior trajectories of the case counts. To our knowledge this
approach is new. With our calibrated model, we then explored the potential impact of di erent testing
strategies that campus administrators might employ to limit the number of cases and students in

guarantine throughout the semester
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Figure 2.9 Simulated results of the percentage of students testing before returning to campus after fall
break. This shows the number of cases that occur on campus after fall break assuming varying levels of
students testing before returning to campus. Testing before returning to campus has a much larger e ect
on decreasing the number of detected cases after the break. For example, if 50% of students test before
returning this leads to an 18% decrease in cases compared to if no one tests before returning.

We used a comprehensive Monte Carlo simulation to explore di erent combinations of parameter values
for: ; ,andly. The ABC method on the simulated data, yielded unbiased estimates of all three
parameters. However, we observed that , representing the proportion of symptomatic cases, poses a
particular challenge as it is not well identi ed from the data. In fact the credible interval for  is nearly as
broad as its entire possible range. In addition the proportion of symptomatic infections () is very sensitive
to changes in the transmission rate (). The dependence between these two parameters is reasonable.
Symptomatic individuals are likely to seek out testing and therefore will transition into isolation faster than
asymptomatic individuals. Thus, as the proportion symptomatic increases less spread will be occurring on

campus. Therefore, the transmission rate will also need to increase to lead to the same number of cases.
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Furthermore, we examined our simulation method under parameter values closely aligned with those
derived from the true data. We found that the credible intervals closely resemble those obtained when using
the actual data. This simulation study validates the robustness of our parameter estimation approach,
arming its e ectiveness in accurately recovering the true values from our COVID-19 transmission model.

We t our model to the Fall 2020 campus case data, resulting in the determination of credible intervals
for the unknown parameters. Similar to our simulation study, the credible interval for  exhibits
substantial width. However, it's noteworthy that the range of possible values for all posterior parameters
corresponds to estimatedR values falling within the range of 1.7 to 3.8. These estimates align with those
from other studies of COVID-19 early in the pandemic [14, 37, 38], .

We then used our model under the estimated parameters to evaluate di erent testing policies that could
be implemented on campus. Increasing the proportion of students tested emerges as a slightly more
e cient strategy, reducing the number of cases during the semester while conserving total testing
resources. However, changes in testing strategy have a limited e ect on the peak number of students in
guarantine. This limitation arises from our underlying assumption of an in ux of cases into the campus
after fall break, thus increased testing led to more detected cases and consequently more students ending
up in quarantine. Furthermore, it's worth noting that an increase in testing leads to a slight rise in the
peak number of cases following the break, a direct result of increased case detection. However, a silver
lining exists in this scenario. Increasing the number detection of cases in the population corresponds to a
reduction in undetected cases, and contributes to an ultimate reduction in the spread of the disease on a
semester time scale. We nd it is possible to limit the number of detected cases by requiring students to
test before returning to campus after a break.

Our model presents several limitations. We assumed homogeneous mixing among the campus
population, disregarding age-dependent transmission rates that could vary signi cantly between students
and faculty. A more re ned categorization into groups such as residents, non-residents, faculty, and sta
could potentially o er a clearer picture of the disease dynamics among these cohorts. Additionally, the
assumption of a closed campus population, while possibly appropriate during the early stages of the
pandemic covered by this study, no longer re ects the current reality of increased student interactions with
the broader community. Adapting the model to more accurately re ect the current situation could involve
allowing the transmission rate ( ) to vary dynamically, based on the infection rate within the surrounding
community, as suggested in Brown [23]. Furthermore, at the time of developing this model, a COVID-19
vaccine was not yet available. Future modi cations could incorporate vaccination dynamics, including
additional compartments and adjusted rates to account for vaccination, enhancing the model's relevance to

ongoing public health e orts.
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The exibility of our modeling and tting approach ensures it can be adapted in response to changes in
the pandemic's course and applied to other diseases with SEIR-type dynamics. This framework not only
advances understanding of COVID-19 dynamics on the Mines campus but also can serve as a blueprint for
comparable settings, providing insights for informed strategies against infectious diseases. Also a successful
implementation of the ABC method carefully tracking the context of the data analysis may encourage

other applications of this approach for complex stochastic processes.
2.8 Supplemental Materials

Next Generation Matrix calculation of Ro
We have four \infected" classes in the model. Let X be a vector of these infected classes and Y be a

vector of the other (uninfected) classes:

2
S
E So
. Qi
Qq
I T Rp

Ry

X
I
HOOOOOCOD) N
o >
ONNRRNRN W
<
1

Then,

aX _ .. vy
G = FOGY) V(v

F (X;Y) is the vector of new infection rates (ows from Y to X). V(X;Y ) is the vector of all other rates

that don't create new infectious. In- ow in V is negative, out- ow is positive.

Dene F= &  andV = g;( . The next generation matrix is de ned as FV !. Ry is equal to the

@x @X
3
0
00 0 0
00 0 O
0

maximum eigenvalue of the next generation matrix:
0 0O

3

latls+lt

2 2
S N
0
F = ; F=
0
0

28



2 3 2
E 0 0 0
V= fla+(1 yila (1 )E v @ ) f+(1 )i 0 0
sls E 0 s 0
el tla  sls 0 f s v

The maximum eigenvalue found inFV ! using Mathematica[40] at the parameter values given in Table
Table 2.2 is:
( (s f)R¥rN ( 1+ A)(s+ r) s(af* R)

Ro = sr(( 1+ A) aF) !

Ro=(14:8 108 ):

The proportion of symptomatic individuals, , signi cantly in uences the expected basic reproduction
number, Rq. This is due to our assumption symptomatic individuals are more likely to get tested and
therefore enter isolation, reducing their role in the transmission cycle. If all individuals were asymptomatic,
Ro would increase by a factor of 3.7 compared to a scenario where all individuals are symptomatic.

Supplemental Figures
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Figure 2.10 Simulated case trajectory curves for Fall 2020 under di erent testing scenarios. The number of
COVID-19 cases simulated from di erent testing frequencies and student testing percentages by day of the
semester is shown. Adjustments in testing parameters show minimal in uence on case trajectory curves.
More testing leads to a slight increase in peak cases following fall break due to the detection of more cases
and a slight decrease in cases earlier in the semester.

2.9 Executive Summary for Decision Makers

As part of the Colorado School of Mines COVID-19 Task Force, the thesis committee recommended we
present the results of this project in a format accessible to decision-makers. This section summarizes our
ndings for a non-technical audience.

Context and Objectives

As universities strive to navigate the complexities of the COVID-19 pandemic, understanding the
impact of surveillance testing and policy interventions on virus transmission within campus communities is
crucial. This summary distills ndings from a study conducted at the Colorado School of Mines, which

used a stochastic modeling approach to evaluate di erent surveillance testing strategies. This model
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includes compartments for tracking students in quarantine and isolation, and evaluates the impacts of
di erent testing protocols. These insights provide campus administrators with actionable data to re ne

and optimize testing policies throughout the academic year.
Key Findings

Critical Role of Initial Testing: Comprehensive initial testing of all individuals upon their

return to campus is crucial. Early detection and isolation of infected individuals signi cantly reduce
the potential for widespread viral spread. Before the Spring of 2021 semester, students were required
to test before returning to campus. There were 72 positive cases reported through this return testing

preventing these individuals from contributing to further transmission on campus.

Strategies for School Breaks: Data consistently show a signi cant increase in COVID-19 cases
following school breaks, attributed to increased o -campus contacts (Figure 2.2).Simulations indicate
that requiring 50% of students to test before returning could reduce the number of cases after fall
break by an average of 60 (17.6%), while testing all students could decrease cases by up to 152
(44.3%) as shown in Figure 2.9. Mandatory testing prior to returning and limiting immediate return

to in-person classes after breaks can e ectively mitigate these spikes.

" Model Predictions and Policy Implications: We used our model to simulate the potential

e ect of di erent testing strategies on the spread of COVID-19.

{ Surveillance Testing E cacy: Expanding the surveillance testing program reduces the
number of cases on campus. For instance, expanding the testing pool from 40% to 80% of
students results in a 66% reduction in undetected cases, and about 11% reductions in both
detected cases and quarantine numbers. Similarly, increasing testing frequency from biweekly to

weekly o ers additional but more modest improvements.

{ Quarantine and Isolation Considerations: While increased surveillance testing can
identify asymptomatic infections earlier, thus reducing the number of undetected cases, it does
not signi cantly decrease the number of individuals in quarantine or the total number of

detected cases in a semester (Figure 2.10).

Importance of Testing Compliance: Compliance with testing protocols is critical.
Non-compliance can undermine the e ectiveness of strategies designed to reduce transmission via
asymptomatic carriers. Continuous monitoring and enforcement of compliance are recommended to

ensure the success of the testing programs.
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Recommendations for Campus Administrators
" Testing Protocols:

{ Increase the surveillance testing pool size to more e ectively manage undetected infections.

{ Actively monitor and promote compliance to testing protocols to maximize the impact of these

measures on limiting virus transmission.

Strategic Break Planning:

{ Implement more stringent testing and monitoring measures after school breaks to quickly

identify and isolate new cases.

{ Require testing for all individuals upon their return to campus before integrating back into the

campus community.

Conclusion

The stochastic model developed for the Mines campus provides a comprehensive framework for
evaluating various COVID-19 surveillance testing strategies. It o ers essential insights that enable campus
administrators to make informed policy decisions to protect the campus community. In addition, this
model can serve as a valuable tool for guiding policy during future pandemics. A key takeaway is the
importance of surveillance testing protocols, especially for diseases characterized by a high rate of

asymptomatic transmission, as testing is crucial in controlling the spread of these diseases.
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CHAPTER 3
INVESTIGATING THE IMPACT OF ENVIRONMENTAL FACTORS ON WEST NILE VIRUS HUMAN
CASE PREDICTION IN ONTARIO, CANADA

This chapter is reprinted from a paper published in Frontiers of Public Health?.

Laura Albrecht?3, Kimberly Ann Kaufeld 2
3.1 Abstract

West Nile virus is the most common mosquito borne disease in North America and the leading cause of
viral encephalitis. West Nile virus is primarily transmitted between birds and mosquitoes while humans are
incidental, dead-end hosts. Climate change may increase the risk of human infections as climatic variables
have been shown to a ect the mosquito life cycle, biting rate, incubation period of the disease in
mosquitoes, and bird migration patterns. We develop a zero-in ated Poisson model to investigate how
human West Nile virus case counts vary with respect to mosquito abundance and infection rates, bird
abundance, and other environmental covariates. We use a Bayesian paradigm to t our model to data from

2010-2019 in Ontario, Canada.
3.2 Introduction

West Nile virus (WNV) is the most prevalent mosquito-borne disease in North America [41]. The virus
is transmitted from mosquitoes to humans through biting. WNV can range from no symptoms to severe,
where the illness a ects the central nervous system. Only 20% of people infected with WNV will develop
symptoms while less than 1% of people develop severe neurological symptoms [42, 43]. It was rst detected
in the United States in 1999 and spread quickly over the next ve years across the US and Canada and has
become endemic [44, 45]. Since WNV emerged in the United States, it has become the largest arboviral
infection in the contiguous United States [46]. The rst human case of WNV was detected in Ontario,
Canada in 2002 [47]. Since then, a WNV surveillance program was implemented in Canada to monitor
WNV prevalence in humans, mosquitoes, birds, and other mammals [47]. WNV transmission occurs mainly
through mosquitoes that can become infectious after biting an infected bird [44]. Humans and other
mammals are dead end hosts that can become infectious but are unable to transmit the virus back to

uninfected mosquitoes [42, 44].

LAlbrecht L and Kaufeld KA (2023) Investigating the impact of environmental factors on West Nile virus human case prediction
in Ontario, Canada. Front. Public Health 11:1100543. doi: 10.3389/fpubh.2023.1100543

2Colorado School of Mines

3Los Alamos National Laboratory
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Many environmental factors are known to have an e ect on WNV transmission as well as on the
mosquito life cycle. In a study by Garca-Carrasco et al. [48], WNV outbreaks were predicted in Europe
using an environmental and spatio-environmental risk model. They found that maximum temperatures,
presence of rivers, and density of horses and poultry were the best environmental predictors for WNV. In
terms of predicting the location of WNV outbreaks, the spatio-environmental model which incorporates
latitude and longitude as a proxy for spatial structure predicted the best, suggesting that bird migration
rate also plays a role in the geographical pattern of WNV. Another environmental factor that has been
correlated with incidence rates for West Nile Virus is the normalized di erence vegetation index (NDVI)
[49, 50]. NDVI provides an index for healthy vegetation and serves as a proxy for suitable conditions for
mosquito development [51].

Mosquitoes carry the potential to transmit pathogens from reservoir hosts to humans. In particular,
Culex mosquitoes are the main vectors involved in the spread of WNV in North America due to their
preference for avian blood meals, especially the American Robin [44, 52{54]. Giordano et al. [53] found the
abundance of bird species can have unpredictable impacts on transmission of the virus due to the feeding
preferences of mosquitoes on certain vectors. In late summeGulex sp feeding behavior shifts away from
birds to human blood meals [55]. This coincides with the peak of human cases in most years.

Climate warming may also change the expansion of vector hosts, leading to WNV spread and become
more severe in new parts of the world [56, 57]. It can lead to an increase in the frequency and intensity of
extreme weather events, such as heatwaves, oods or droughts, which could intensify the interaction
between vectors, viruses and hosts [58, 59]. Drought, for example, can lead to an increase in the abundance
of mosquitoes [60, 61]. In regards to Canada, Ludwig et al. [62] showed that as temperatures continue to
rise due to climate change, there is an increased risk of vector borne diseases in Canada.

Public health agencies across the US and Canada collect records on mosquito abundance and viral
testing for WNV through mosquito trap data as well as human cases [42, 47]. Through these programs, the
mosquitoes are classi ed and counted by species based upon geographic locations. As WNYV is of great
concern, Temple et al. [63] constructed a presence/absence model to account for viral presence in
mosquitoes, while accounting for underlying environmental variables for the presence of West Nile virus
mosquito presence. They found a higher rate of mosquitoes in the summer, with the leading predictors
found to be the number of freezing weeks, urban landscapes and the proportion &ulex species. However,
this study was tied to mosquitoes instead of human cases. Giordano et al. [53] conducted the rst
epidemiological study of human WNV cases in Ontario using data from 2002-2013 in seven of the most
populous PHUs. They found a positive correlations for temperature, cumulative precipitation, mosquito

abundance, and the minimum infection rate. This study also found strong spatial autocorrelation of the
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positive mosquito pools but did not explore any spatial structure in the human WNV case data. We
develop a statistical model for human WNV cases to better understand the relationship between human
cases and environmental variables across the twenty seven PHUs in lower Ontario. We use a zero-in ated
Poisson model, which is used to model data that has an excess of zeros. We compare a spatial and
non-spatial version of the model to assess if there is an underlying spatial structure to the WNV counts.
To our knowledge, this has not been done before.

The paper is presented as follows. In Section 2, we introduce the WNV data in Ontario, Canada and
describe the environmental variables used in the analysis. We also present the spatial and non-spatial
zero-in ated Poisson model for modeling WNV human cases. In Section 3 we present and compare model
results for WNV. We conclude with a short discussion on the zero-in ated Poisson model and future use in

human case disease modeling.
3.3 Materials and Methods

Ontario is the most populous province in Canada with just over 15 million residents and the third
largest in size spanning 1.076 million krd (Fig Figure 3.1). Ontario is divided into 34 Public Health Units
(PHUs). We collected monthly human case data from 2010-2019 for each PHU from the Public Health
Ontario website [64]. We focus our analysis on the 27 PHUs located in lower Ontario as upper Ontario is
sparsely populated and has had only 8 total cases reported across all ten years in our data set. Most
human cases are reported between May and October with a peak in August while very few cases are
observed in the winter months (Figure 3.2). We observe high variability in human cases from year to year
with some years having very few cases, for example 2010 and 2014, and others having large outbreaks i.e.
2012, 2017. It appears some spatial correlation may be present in the case data as the majority of cases are
clustered around Toronto (Figure 3.3). While severe cases are likely to be detected, most cases will not be
reported. Hence, the WNV cases reported are only a small subset of the true number of infections.

We collected mosquito trap data, bird abundance, temperature and precipitation, land cover,
population, and Normalized Di erence Vegetation Index (NDVI) data to be used as potential covariates to
model the human WNV cases.

Since 2002, each PHU has used mosquito traps to obtain information on mosquito abundance and viral
testing. O cials place light traps to attract mosquitoes and return to collect the traps on a weekly or
biweekly basis from May through October. They record the total abundance of mosquitoes collected in the
trap. A subset of this total is then further identi ed by species. Then, mosquitoes are pooled into groups
and tested for WNV in a lab. Each pooled sample is recorded as either positive or negative. A positive

pool indicates that at least one mosquito in the pool is positive but does not provide insight into the
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