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Abstract

Eastern Equine Encephalitis (EEE) is an arbovirus that, while it has been known to exist
since the 1930’s, recently had a spike in cases. This increased prevalence is particularly
concerning due to the severity of the disease with 1 in 3 symptomatic patients dying. The
cause of this peak is currently unknown but could be due to changes in climate, the virus
itself, or host behavior. In this paper we propose a novel multi-season deterministic model of
EEE spread and its stochastic counterpart. Models were parameterized using a dataset
from the Florida Department of Health with sixteen years of sentinel chicken seroconversion
rates. The different roles of the enzootic and bridge mosquito vectors were explored. As
expected, enzootic mosquitoes like Culiseta melanura were more important for EEE persis-
tence, while bridge vectors were implicated in the disease burden in humans. These models
were used to explore hypothetical viral mutations and host behavior changes, including
increased infectivity, vertical transmission, and host feeding preferences. Results showed
that changes in the enzootic vector transmission increased cases among birds more drasti-
cally than equivalent changes in the bridge vector. Additionally, a 5% difference in the bridge
vector’s bird feeding preference can increase cumulative dead-end host infections more
than 20-fold. Taken together, this suggests changes in many parts of the transmission cycle
can augment cases in birds, but the bridge vectors feeding preference acts as a valve limit-
ing the enzootic circulation from its impact on dead-end hosts, such as humans. Our what-if
scenario analysis reveals and measures possible threats regarding EEE and relevant envi-
ronmental changes and hypothetically suggests how to prevent potential damage to public
health and the equine economy.

Introduction

Eastern Equine Encephalitis (EEE) is an emerging arbovirus threat. While it was discovered in
1933, cases have remained low in number and relatively limited in geography to eastern and
southern coastal areas of the United States [1]. But, in 2019 there was a spike in cases from
around 11 yearly to 38 [2]. This peak could be due to changes in climate, weather, human
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Fig 1. The transmission pathway of EEE. The transmission pathway of EEE consists mainly of a cycle between the enzootic vectors,
mainly Culiseta melanura, and amplifying hosts, which include many species of birds. Occasionally, transmission through a bridge
vector will cause disease in dead-end hosts like humans and horses [2].

https://doi.org/10.1371/journal.pone.0272130.9001

behaviors, or behaviors of other hosts and vectors [3]. EEE generally circulates from spring
until fall, and mainly between Culiseta melanura mosquitoes and birds, but is occasionally
transmitted through a bridge vector to hosts like humans and horses, as shown in Fig 1 [2]. Ae.
albopictus [4], Oc. j. japonicus [5], Cq. perturbans [6], and Cx. erraticus [7] are known species
that can serve as bridge vectors of EEEV.

While the proportion of asymptomatic cases is uncertain, it is estimated that a majority of
people who are infected with EEE remain asymptomatic [3]. One small study of the 1959 EEE
outbreak in New Jersey suggests less than 5% of those infected develop overt disease of the cen-
tral nervous system [8]. Of those that are symptomatic there is a 33 percent fatality rate [3],
and many of those that survive symptomatic infection have permanent neurological damage.
There is no approved human vaccine, preventative medicine, or treatment for EEE, meaning
interventions must rely on non-pharmaceutical interventions and supportive treatment.
Potential interventions recommended by the CDC include bug spray, wearing long sleeves
and pants, and removing stagnant water [2]. These strategies are targeted at decreasing bites
and reducing mosquito populations. The deadly nature of the disease, the recent unexplained
spike in cases, and the lack of curative care, necessitates a better understanding of the transmis-
sion dynamics of EEE and potential consequences if they change and become more dangerous
to humans.

While transmission models of other vector-transmitted viruses can be applied to EEE, we
are currently aware of only two. One approach focuses on the feeding preferences of Cs. mela-
nura on different bird species using an Susceptible-Infected-Removed (SIR) bird and Suscepti-
ble-Infected (SI) mosquito model simulated over the course of 180 days [9], finding the Wood
Thrush to be an important spreader in Connecticut. The other examines the impact of young-
of-the-year (YOY) on transmission over a single season [10]. YOY in this study corresponded
to birds younger than 120 days, which are more often successfully fed on by mosquito vectors
and more quickly develop higher viral titers. This work suggests that in Alabama YOY are an
important driver of EEE transmission. We have yet to find a multi-season and multiyear
model of EEE, and we determine that Florida is a good place to base a multi-season model
because there is evidence of year round transmission [11], so the question of over-wintering is
less confounding. With a multiyear model, yearly variations may be understood better and the
impacts of any viral, host, or environmental changes can be explored on a longer time scale.

One concern for the future of EEE is its mutation, especially with the current backdrop of
rapid Covid-19 mutations [12-14]. EEE is a Toga virus, which is a family of positive-sense sin-
gle-stranded RNA viruses that includes Chikungunya and Zika, for instance. RNA viruses,
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especially +ssRNA viruses, are known to have very high mutation rates, due in part to the
error-prone RNA-dependent RNA polymerase that copies their genome [15]. In a recent
review of genetic determinants of arboviruses, many Chikungunya mutations were identified
[16]. These 4 mutations included those that caused enhanced fitness in 2 separate mosquito
species and increased transovarial or vertical transmission. Due to the close relationship
between Chikungunya and EEE it is plausible that equivalent mutations could appear in EEE.
The genetic variation of EEE isolates suggests that it has a mutation frequency similar to other
RNA viruses, although it has a slower observed rate of evolution in nature [17]. This low
observed mutation rate is thought to be due to the strong selection pressure from a transmis-
sion cycle that requires alternating hosts [18]. However, rapid evolution has been shown to be
possible in cell culture [18]. Beyond this, natural variation in EEE virus has been observed,
especially over geographically distant isolates [17, 19, 20]. Some of these genetic differences
have been associated with changes in virulence [19, 20]. Mutations have also been introduced
to EEE with the goal of making attenuated virus for vaccine development [21-24]. These are
targeted mutations with the goal of decreasing virulence. Although the rate of evolution is
slower in EEE than other RNA viruses, genetic variation and mutations that impact virulence
are possible even in nature. Other concerning aspects include the impact of climate change on
mosquito populations, the encroachment of humans on wetland regions where EEE has histor-
ically circulated, and the possibility of EEE circulating in new mosquito vectors. The numerous
possible changes in geographical spread, climate, mosquito behavior, or viral mutations that
can impact transmission of EEE along with its deadly, untreatable nature make EEE a potential
threat that requires preemptive attention.

In this work, we propose a new multi-season transmission model of EEE, and use this
model to explore the impacts of potential viral, host, and environmental changes on the
dynamics of EEE spread. After introducing deterministic and stochastic model structures, sen-
tinel chicken data is used to calibrate model parameters. The models are then characterized
using Ry, extinction probabilities, and sensitivity analysis. Finally, parameters and models’
structures are adjusted to explore three what-if scenarios and their impacts on EEE
transmission.

Methods

Mathematical models are used to understand the transmission of infectious diseases in popula-
tions and to evaluate the potential impact of control programs in reducing morbidity and mor-
tality. We formulate a deterministic model to analyze transmission dynamics and an
analogous stochastic epidemic model using a continuous-time Markov Chain. Both models
provide actionable information in terms of controlling disease spread and intervention tech-
niques. Employing both models allows us to use a wider variety of analytical techniques
because such techniques are designed to work well with one but not with the other. For exam-
ple, we cannot run a bootstrapping method without having a stochastic model.

Deterministic model

A deterministic compartmental model was built on the complex interactions between birds,
two types of mosquito vectors, and the dead-end hosts. This transmission pattern as it is cur-
rently understood is displayed in Fig 1. The schematic of the model is shown in Fig 2, with
parameters as outlined in S2 Appendix.

Although there are different species of mosquitoes with various feeding behaviors, we sim-
plify the model by assuming that there exist only two types (enzootic vector and bridge vector)
of mosquitoes with significantly different host preferences. This is because the role of the
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enzootic vector in circulating EEEV in amplifying host population is important in understand-
ing the disease dynamics of EEEV, whereas the bridge vector is more likely to play the role of
infecting dead-end hosts. We assume that bridge vectors mainly feed on mammals and less com-
monly feed on birds based on the previous studies on host preference of mosquito species [25-
27]. Previous studies of blood meal analysis of Aedes species show mammal to avian ratios of
83:7 (Ae. albopictus [27]), 71:9 (Ae. triseriatus [27]), 87:6 (Ae. vexans [27]), and 80:11 (Ae. vexans
[25]). This host preference is reflected by setting By = 9 X Bpas. This is in contrast to the host
preference of major enzootic vector species, Cx. melanura, which takes more than 90% of it’s
meals from avian sources (97-99% [28], 98.9% [29], 91.3% [30]). Further, we assume that enzo-
otic vectors only feed on birds based on the reported extreme host preference ratios [28-30].

Seasonal forcing was applied to mosquito’s birth rates with a 1-year period, because the onset
of the mosquito season is typically when the average temperature reaches 50°F and standing
water is prevalent. In many locations in the US, this occurs in early June and continues until
November. Warmer areas, such as southern Florida, have mosquitoes breeding almost all year
round, but there is a marked increase in population size once a year [31]. The magnitude param-
eters (0c and 0y) and the peak location parameters (8¢ and 8,) of seasonal forcing in the two
different mosquito groups’ birth rates are assumed independent, following Wilke et al.’s study
that suggests species have unique seasonality patterns in Florida. Also, Blosser et al. report that
Culiseta melanura’s seasonal peak was observed in March and April in Florida in 2015, which is
significantly earlier than other species’ peaks in Florida [31, 32]. According to Wilke et al., most
of the mosquito species in Florida were most abundant in August or November in 2016, 2017,
and 2018. Note that if o¢ = 0p, = 0 the seasonality disappears.

Model structure. The ODE system in Eqs (1a)-(1k) shows the proposed deterministic
model for EEE.

d . (2nt I
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Fig 2. Schematic of the EEE transmission model with seasonal forcing.

https://doi.org/10.1371/journal.pone.0272130.9002
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For both species of mosquitoes (enzootic and bridge), two compartments were defined, sus-
ceptible (S¢c or Sys) and infectious (I or I,), assuming that vectors do not recover from the dis-
ease. Birds have 3 compartments susceptible (Sp), infectious (I3), and recovered (Rp). Births
and deaths were incorporated for mosquitoes and birds, but not dead-end hosts, because the
lifespans were short relative to the length of simulations. For dead-end hosts, compartments
were defined as susceptible (Sg), asymptomatic infected (Ap), infected with symptoms (I),
and recovered/removed (Ry). The meanings, units, and fitted values of all parameters is
shown in Table 1 in S2 Appendix. One unit of time variable ¢ represents a day accordingly and
T denotes a year.

Stochastic model

We also consider a continuous-time Markov chain (CTMC) model for EEE with discrete num-
bers of hosts and vectors. Stochastic variation in the disease spread model is necessary to con-
sider the randomness caused by different sources such as observation noise, unexpected
genotype mutation, and environmental changes. Bartlett pointed out that stochastic fluctua-
tions in disease spread can often be large enough for transmission to be interrupted by stochas-
tic fade-out and deterministic modeling alone cannot explain the disease spread adequately
[33]. Especially, as there are currently few cases of EEE in the US that a stochastic approach is
better suited. This stochastic model can be examined for small outbreaks that die out quickly,
as seen in real-world outbreaks.

Model structure. The deterministic model given in Eqs (1a)-(1k) was converted into a
continuous-time Markov chain process with transition directions and transition rates shown
in Table 1. Eleven discrete-valued random variables are introduced to record the number of
individuals in each compartment. For example, Sg is a random variable that tracks the number
of susceptible birds over time.
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Table 1. CTMC transition table. CTMC model transitions between states and rates. For each time interval, the number of each event that occurs is sampled from a Pois-
son distribution with the mean of 7 times the corresponding transition rate in the table. When a single event occurs, each compartment’s population changes as described

in the “Transition” column.

Species

Enzootic Vector

Bridge Vector

Amplifying Host

Dead-end Host

Event
Birth
Infection
Death (S¢)
Death (I¢)
Birth
Infection
Death (Sa)
Death (I,)
Birth
Infection (from I¢)
Infection (from I,;)
Recovery (Ig)
Death (Sp)
Death (Ip)
Death (Rp)
Infection (Ap)
Infection (Iy;)
Transition (Ay — Iy)
Recovery (Ap)
Recovery (Iy;)
Death (Iy;)

https://doi.org/10.1371/journal.pone.0272130.t001

Analytic tools

Transition

ASc=1
ASc=-1,Alc=1
ASc=-1

Alc=-1

ASy=1
ASyr=-1,Al =1
ASyr=-1

Aly=-1

ASp=1

ASp=-1,Alz=1
ASp=-1,Alz=1
Aly=-1,ARz=1

ASp=-1
Alg=-1
ARB =-1

ASy=-1,AAy=1
ASyr=-1,Al;=1

Ady=-1,Al;=1
AAy=-1,ARy=1
Aly=-1, ARy =1

Aly=-1

Transition Rate
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Basic reproduction number. The basic reproduction number (Ry) is the expected num-
ber of new infections from one infected individual that is introduced to a wholly susceptible
population. This metric is often used as a threshold value for whether an outbreak will occur
or not. If Ry > 1, the disease can cause an outbreak, otherwise, the disease will likely die out.
An expression for R, can be obtained from the next generation approach [34]. The next-gener-
ation matrix (NGM) is a square matrix whose ij-th entry is the number of new infections of
type i from one infected individual of type j. Note that there are 5 infectious categories to

account for in our model: I, Iy, Iy, Ay, and Iy. The previously described equations for these
categories can be broken down into two parts: the new infections (F) and the other movement
between compartments (V). Taking the Jacobian matrices of those two parts at the disease-free
equilibrium (DFE) gives us the two components of the NGM. The disease-free equilibrium is
[Sco(®)s 0, Saro(t), 0, Sgos 0, 0, Sgrg, 0, 0, 0] where S(£) and Syz(t) are functions of . That is, Sy
and Sy are equal to Npo and Ny, respectively, at the equilibrium.

S
0 0 == 0 0
Swo
0 0 o, M 0
F = MM S0 (2)
%peBac UpriBan 0 00
0 (1 =po,fy 0 0 0
L O Poy Py 0 ¢ 0]
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rd. 0 0 0 0
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V=10 0 6&,4+dy+y, 0 0 (3)
0 0 0 d+7, 0
Lo 0 0 0 9, +03,.

The next generation matrix is then calculated as follows:

[ O 0 SCO(t)aCﬁBC 0 O_
SBU( B + dB + VB)
Spo(05 + dg +75)
FV-1 — O‘B;ﬁsc O(BA;BBM 0 0 0 (4)
C M
dy
L dy ¢+v,

The spectral radius, or largest eigenvalue, of (4) is the basic reproduction number Ry(t). Unlike
models without seasonal forcing, the basic reproduction number of our model is a function of
t and its value depends on when the initial infection occurred. To obtain Ry at a random time
of a year, we integrate Scy(f) and Syj(f) to compute R, or the annual R, as follows where v,
and ¥, represent the average population ratios between mosquitoes and hosts:

R — AePoe OpcPre - ,O‘MﬁBM UpBov
(. c T m
de dy+ 05+ 7 dy dy+ 05+ 7, (5)
Transmission cycle between Transmission cycle between
enzootic vector and birds bridge vector and birds

f Tseo(t) dt B f TSa(6) dt
0 andv, =2

where v, = S . Tom

2mt
b.o.T cos <T — 9C>

21

Sco(t)/Spy = ccexp | (be —do)t —

2mt
b,0,,T cos <; — QM)
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Sco(t) and Spg(t) can be obtained by solving the following differential equations.

%sm(t) =b, (1 + 0, sin (? - 0C> ) Sco(t) — deSey (1) (8)
2 ) = b, (1 s (-0, ) 50006~ 41000 ©)

The idea of integrating the seasonal effect terms is originally suggested by Grassly and Fraser
[35]. Their study demonstrated that the basic reproduction number does not apply when there
exists seasonal forcing in diseases dynamics, and propose the average number R at a random
time of the year as an alternative.

Eq (5) is composed of two parts that represent the transmission cycle of enzootic vector and
bridge vector, respectively. Each part is a multiplication of three fractional terms: (a) mosquito
to bird transmission (the number of newly infected mosquitoes per one infected bird divided
by mosquitoes’ removal rate from the infectious compartment: % and %), (b) bird to

mosquito transmission (the number of newly infected birds per one infected mosquito divided

by birds’ removal rate from the infectious compartment: 2pchsc qnd suben ) and (c) initial

dp+dp+yp Jp+dp+yp
"
co(t) dt fosMo(f d
and =

,
. . . 5 ) dt . . . .
mosquito-to-bird ratios (f0 o —). The annual mosquito-to-bird ratios are typi-

cally assumed to be greater than 1 in the existing studies [36]. Therefore, if R, < 1, then (a) x
(b) < 0.5/(c), if the parameter sets for the two different vector species are equivalent. As we can
see from the Eq (5), dead-end host parameters and population size are not considered in R,
computation. That is, dead-end host’s infection does not affect the disease persistence.

Sensitivity analysis. A common importance measure for factors in deterministic models
is the elasticity index (or normalized sensitivity index), which measures the relative change of
R, with respect to a certain factor x. In this study, we used R, instead of R, to compute each
factor’s elasticity index to calculate the expected importance of each factor over a year as fol-
lows:

(10)

| =

Ox

Extinction probability. A Galton-Watson branching process approximation was used to
calculate the extinction probabilities of the stochastic model of Table 1 [37-40]. The infectious
categories are I¢, Iy, I, Ap, and Iyy. The first step is to find the offspring probability-generating
functions (PGFs) for each of these 5 categories, assuming that we are near disease-free equilib-
rium. Offspring PGFs will take the following form:

fitw) =%, .E, Pk, ..., k,Yuy'...ubs (11)

1 n

Note that Py(ky, . . ., k) refers to the probability of a type i individual producing an individual
of type k;. For each probability generating function of type i, we assume one infectious
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individual of type i and none of the others. Based on Table 1, we can establish the following
PGFs:

o dc + oo Pt g

hlw) = de + opcPye (122)

dyy + gy Byt ths + (1 — plovy Brtigus, + por B,y
u) = 12b
f2( ) dM + aBMﬁBM + (1 7P)“HﬁH +paHﬁH ( )
_ Lo pcthy thy + 0y Byt tis + (85 + dy 4 75)

fy(w) = %ePoc + OBy + (85 + dg + 75) (12c)

du; + 7,

fi(u) =5 (12d)
T Oy _
fi(w) = 110, 1 (12e)

Note that u; refers to the corresponding infectious compartment. For example, #; corresponds
to the number of infected enzootic vectors; u,, us, Uy, us refer to the infected bridge vectors,
infected birds, asymptomatic humans, and symptomatic humans, respectively.

Equations f; have 3 fixed points in [0, 1%, specifically [1, 1, 1, 1, 1], and 2 more of the form
[91> 92> 93> 94> 5] Where calculating g; is done by setting f(q1, 42, 93 94> 45) = q; and solving for
g:- The probability of extinction is then given by I1g", where i, is the initial number of infected
individuals in category g;. Note that if Ry < 1, then the extinction probability equals 1, and
these equations for extinction probability only apply when R, > 1.

de

q, = 13a
! de + (1 = g3)opcPyc (132)
dy

_ 13b

% dM + (1 - q3)aBMﬁBM ( )

g, = %P 95 + %Pend:9s + (05 + dy + 75) (13¢)
’ %ePpc + oy Bry + (05 +dg + VB)

g=q;=1 (13d)

By substituting g; and g, into g3, we can find g3 which can be substituted back into g; and g».
Now, the probability of extinction can be calculated as:

P =g x 43" x g (14)

Parameter estimation

Data. We fit our model to the sentinel chicken seroconversion data of Florida, collected
by Florida Department of Health [11, 41, 42]. Initial parameter ranges were defined by litera-
ture values when possible, as with mosquito biting rates [43], species composition [44] and
host preference [29, 45]. For some parameters, we utilized the parameter ranges suggested in
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existing arboviral disease literature (e.g West Nile virus, Malaria, Zika, and Chikungunya) as
proxies. For the parameters with no such prior knowledge, we used [0, 1] boundary as they are
probabilities. Detailed information about the parameter ranges and related publications is
given in S2 Appendix.

Model fitting and formulation. We solve a parameter estimation problem using the least
square objective function as follows:

W1 [7(w+1) = 2
L s(t,0)
Minimize E — 7 dw (15a)

w=0 t=Tw SB(7wa

. - S,(6,0) - S,(t,0) -

subject to s(t,0) = a B LT (0) + o B LT (t,0 15b
) (t,0) BCﬂBCNB<t,0) c(t,0) BM:BBMNB(t’Q) c(t,0) (15b)

d 0 0 1
ESC(LH) :fl(taevscvlca"') ( 5C)
d 0 0 d
Elc(tvg) :Jg(taevSCvIcv"') (15 )
Sc(to) = Sc(o)a Ic(to) = Ic(o)a T (156)

vy, < /OT(NC(t) + N, (t))dt/ (/OT NB(O)dt> <y (15f)

My < Jy Ne()dt/ [J(N(t) + Ny (£))dt < n,, (15g)

where the observed weekly seroconversion rates are given as d(w) for week w, W and T denote
the number of weeks and days that we have in the seroconversion data, respectively. The for-
mulation (15) minimizes the sum-of-squares error in the weekly seroconversion rates. The

daily additional bird infection is calculated as s(¢, 0 ) to express the weekly seroconversion
rates in the simulation as (15b). Constraints (15¢)-(15e) formulate the compartmental ODE
system given in (1a)-(1k). The last two constraints (15f) and (15g) define the upper and lower
bounds of the mosquito-to-bird ratio and the ratio of the enzootic vector out of all types of vec-

tors, respectively. To find the parameter set (6) that minimizes the squared error, we use
sequential quadratic programming combined with basin-hopping method to solve the con-
strained minimization problem [46-48]. The minimization process is started at 10,000 differ-
ent initial points extracted by the Latin hypercube sampling method. The bootstrapping
approach for epidemic models suggested by Chowell is used to quantify the parameter uncer-
tainty [49]. The results of uncertainty quantification can be found in both result section and S3
Appendix.

Parametrization of population ratios. It is known that the mosquito-to-bird population
ratio or the relative population density is difficult to measure because one needs to observe the
two populations at the same time. The mosquito density to bird values vary between existing
studies [36, 50]. The upper and lower limits of the annual mosquito-to-bird ratio is set to 2
and 8 to align with existing literature [51, 52].
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It is also difficult to measure the exact mosquito community composition in an area because
mosquito habitats and feeding behaviors are significantly different by species and therefore
counting results highly depends on the mosquito trap’s location and design [44]. The popula-
tion ratio of the enzootic vector is assumed to be less than 10% (or 77, = 0.1) because there
exist multiple studies commonly reporting the portion of the mosquito species mostly feed on
birds (i.e. Culiseta melanura and Culex territans) in the mosquito community is very small
(smaller than 5%) [42, 44].

To satisty the two population ratio constraints (15f) and (15g), the initial mosquito-to-bird
population ratio (v, = %) and the initial enzootic-bridge vector population ratio (7,) are

included as parameters. The following equations show how the two parameters 77 and v,
determine the initial mosquito populations (N¢(0) and Nj(0)):

N¢(0) = 14v,N,(0) (16a)

Ny (0) = (1 = n)v,N5(0) (16b)

Because the disease is first reported before the first day of our observation data set [1], the ini-
tial population ratios for each disease compartment are also parameterized; four population
parameters, r; , r; , 7, and r, are added to determine the initial population of each compart-

ment as follows:

$c(0) = (1 =1, )Nc(0) (17a)
1c(0) = 1, .Nc(0) (17b)
$5(0) = (1 =7, — 14, )N5(0) (17¢)
Ry(0) = 1y, N, (0) (17d)
S$u(0) = (1 =1, )N, (0) (17¢)
1,(0) =, N,(0) (17f)
I5(0) = r;,Ny(0) (17g)

Results

In this section, we apply different analytic techniques to the deterministic and stochastic mod-
els with a parameter set that is fitted to the seroconversion data to diagnose the current state of
EEE and analyze how it can potentially change. First, we compute R, and the extinction proba-
bility to investigate the current impact of EEE. Then, we use the sensitivity analysis to reveal
how much each parameter could potentially change the R, of the EEE. At the end of this sec-
tion, we explore three potential changes of EEE: (1) increased infectivity, (2) vertical transmis-
sion, and (3) changed host preference of the bridge vector. We examine these changes using
what-if scenarios because it is not easy to inspect them in detail through sensitivity analysis.
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Simulation and result analysis

First, the deterministic model with the optimized parameter values is simulated by solving the
corresponding ODEs to visually monitor the infectious population changing trend regarding
EEE in different compartments. The details of the used parameter set that can be found in S2
Appendix, and the empirical distributions of each parameter and their confidence intervals
can be found in S3 Appendix. We also simulate the stochastic model using the tau-leaping
algorithm with the time step (7) equal to 0.1 days, which is a commonly used value for 7 in epi-
demiological simulations [53]. for 1,000 instances with the same parameter set to understand
the stochastic outcomes of our model and to estimate the uncertainty of the parameter set by
using the bootstrapping method [53]. It is noteworthy that the deterministic parameterization
would lead to an underestimation of the basic reproductive ratio in the stochastic model
according to Keeling and Rohani. For each time interval, the number of times each event in
Table 1 occurs is taken as a number sampled from a Poisson distribution with the mean equal
to 7 multiplied by the transition rate for the event. The variables are updated to reflect the
number of events that occurred, and this process is repeated until the end of the simulated
time. To have stable simulation results for stochastic models, we set the initial population of
the amplifying host at 400, 000 so that the community size is large enough following the sug-
gestive result of Keeling and Grenfell’s study [54]. The simulation results are shown in Fig 3.

R, and sensitivity analysis. The fitted deterministic model has R, = 1.1445, and Fig 4
shows the empirical distribution of R, computed by the bootstrapping method, where the 95%
confidence interval of R, is [1.0783, 1.1711]. As expected from the long-lasting existence of
EEEV in the USA, the R, value is greater than 1.

R,’s normalized sensitivities, or elasticity indices to each of the parameters are also calcu-
lated. The sensitivity values shown in Fig 5 represent the ratio of the relative change in R, to
the relative change in each parameter. In general, variables that are related to the enzootic vec-
tor compartment (d, ., 0, %y, Vo) are 3.34 times more sensitive compared to their counter-
parts in the bridge vector (d,,, f5,; %y %gass Vae)- This result is notable because the average
population ratio between enzootic and bridge mosquitoes in the fitted model is about 4:96. So,
even with a much smaller population size, the enzootic vector characteristics have a large
impact on transmission. The result reconfirms that the enzootic vector plays key role in circu-
lating EEE, while bridge vector has a greater role in causing damage to dead-end hosts. The
recovery rate of infected birds (y;) has the 2nd largest elasticity index magnitude among all
parameters tested, which shows the importance of amplifying host’s infection duration in EEE
circulation.

Extinction probabilities. Considering that EEE is an emerging virus with a limited geo-
graphical presence, the introduction of limited number of cases into a susceptible population
is of concern. The success or extinction of these transmissions can be quantified through
extinction probabilities. Using the parameters as solved in the previous section and the extinc-
tion probability function (14), extinction probabilities can be calculated for various initial con-
ditions as shown in Table 2. Note that there are two solutions to g3, but one of the solutions
produced negative and above one probability, which does not have a physical meaning and is
ignored.

One case in the bridge vector population results in the highest probability of extinction at
44.96%. One case in the enzootic vector population results in a 43.02% probability of extinc-
tion, 4.31% lower than one case in the bridge vector. This difference is expected because, while
bridge vectors are more meaningful for human cases, the survival of EEE is dependent on nat-
ural ecological reservoirs. Surprisingly, the probability of extinction found with one case in the
bird population was 31.45%, the lowest probability of a single introduced infection. This could
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Fig 3. Simulation result. Simulation results of the deterministic model and stochastic model (50 instances). The 1st
plot presents the weekly seroconversion data points (blue) and the simulated seroconversion rates in the two models.
The remaining plots describe the population changes over time in the amplifying host compartment (2nd and 3rd) and
the vector compartments (4th).

https://doi.org/10.1371/journal.pone.0272130.9003

be due to the longer lifespan of birds or the fact that they are able to produce multiple types of

infections that aren’t dead-end. This result is concerning due to the annual migration of many
birds. Introducing cases to more than one compartment decreases the probability of extinction
with a single case in all three compartments resulting in only a 6.08% probability of extinction.

What-if scenarios: Hypothetical mutations and environmental changes

We also use the deterministic model that is fitted to the seroconversion data to explore hypo-
thetical situations which are not easy to delve with sensitivity analysis. We evaluate the poten-
tial threats of EEE by simulating genetic mutation and environmental changes and measuring
their impact.
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Fig 4. Empirical distribution of R,, obtained by the bootstrapping method. Fitted R, is shown by the red dashed line
(1.1445), and its 95% confidence interval is the grey region.
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Although EEEV mutations do not attract much attention due to its small number of cases,
mutations can affect the spread of arboviral disease [55]. In fact, EEE is classified as a positive-
strand RNA virus (or +ssRNA) according to Berman’s taxonomic guide to infectious diseases
[56]. Peck and Lauring report that ssRNA viruses generally mutate faster than other groups of
viruses [15], which is important as it may result in resistance, antibody escape, expanded host
range, and other critical changes in disease dynamics. Global warming or environmental
change is also accelerating the mutation of diseases and has a direct effect on the spread of dis-
eases. For example, existing studies report that the infectivity of vectors can be increased by
higher ambient temperature [57, 58].

To examine the impact of changes potentially caused by mutation and global warming, we
establish the scenarios in this section and compare the result to the outcome we obtained from
the default model. Among all the possible changes that can alter the parameter values
described in our model, we test some of them selectively. Since our study is about the potential
threat that EEE can cause, we create scenarios focusing on the change in the direction of
increasing RO, as some existing studies in disease mutation suggested [59, 60].

The first scenario is increased infectivity, which can be caused by genetic mutation of EEE
and increased ambient temperature. Second, we explore a change that extends the infectious
period of EEE in bird hosts. Change in the duration of the infectious period is another scenario
that is commonly tested in many other studies in epidemiology [61, 62]. To examine the
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Fig 5. Sensitivity analysis results. X-axis corresponds to the elasticity index for the parameter. The magnitude of these
values shows the strength of the relationship, while the sign tells whether the relative change in the parameter increases
or decreases the magnitude of R. For example, the elasticity index of B is a large positive value meaning that an
increase in the bird biting rate of the enzootic vector will result in a large increase in R,. On the other hand, y3 has a
large negative elasticity index meaning an increase in the bird recovery rate will decrease R,. Variables with elasticity
values that are close to zero have little to no impact on R, when they change.

https://doi.org/10.1371/journal.pone.0272130.9005
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Table 2. Extinction probabilities for various initial conditions using parameters fitted to deterministic model. Col-
umns represent the initial number of infections in enzootic vector (Ic), bridge vector (I), and bird (Iz,) populations
and the corresponding probability of extinction in the population.

I Ingo Ipg Probability of extinction
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https://doi.org/10.1371/journal.pone.0272130.t002

impact, we decrease the ¥ value to simulate such mutation. In the third scenario, we simulate
the situation where the bridge vector’s host preference is changed. The change can be caused
by adaptive mutation, opportunistic behavior, or a change in mosquito species composition.
According to existing studies, bridge vectors, or the mosquitoes that are infecting dead-end
hosts such as horses, prefer mammal hosts compared to the avian hosts, or amplifying host of
EEE [25, 27]. We change the feeding behavior of bridge vector with different host preference
and assess the impact of changed host preference. Since our concern is the possible future out-
comes, the final population ratio of the deterministic simulation in the result section is used as
the initial population for the three what-if scenarios.

Increased infectivity. Four different transmission rate parameters describe the infectivity
of EEE: ac, o, apc, and oy, ac and apc represent the transmission rates of EEE from/to
enzootic vectors while a; and oy, represent the transmission rates from/to bridge vectors.
Each row of Fig 6 shows the simulation results where the infectivity values are increased in
only enzootic vectors, only bridge vectors, and both vector types, respectively. In each column,
we display the results where only the transmission rate to vector, only the rate from vector,
and both rates are increased, respectively. In each case, we increase the selected transmission
rates by 5%, 10%, and 15% and compare the host infection trends to the default case.

Fig 6 shows how the number of the infected amplifying hosts are affected by each change in
transmission rates. In general, the magnitude of the impact is greater when infectivity increases
in enzootic vectors than in bridge vectors. When o, and a3y, are increased by 15%, the maxi-
mum peak size in bird infection increases only 1.53 fold. Whereas the peak size increases 6.58
fold when ac and apc are increased by 15%. Also, increased infectivity in enzootic vector
boosts the peak size in the first year’s host infection compared to the default case but the
impact size is smaller in the 2nd and 3rd year. Moreover, in the 2nd year, the peak size can be
smaller than the default result when the increase in the peak size is too large in the first year
and cause an increase in immunity of the bird population. For example, when comparing the
case with 15% increase in all infectivity parameter which obviously shows the most drastic
change, to the default scenario, there is a ratio of 7.45 in the peak of the first year, but a ratio of
0.51 in the second year.

Extended infectious period. The next scenario examines the impact of the extended
infectious period of EEEV in bird hosts or reduced yp. As we can see in the sensitivity analysis,
decrease in the bird recovery rate will significantly increase the basic reproduction number.
We explore how this type of mutation can have greater impact on EEE’s disease dynamics
when it is combined with increased infectivity. Each plot in Fig 7 shows the simulation results
where the infectivity values (¢, @y, apc and apy) are increased by 0% (default), 2.5% and 5%,
respectively. Under each infectivity condition, we increase the infectious period of EEE in
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Fig 6. What-if scenarios with increased infectivity in different set of parameters. The bottom right shows the
situation with all four infectivity parameters increased. In this case, 15% increased infectivity causes a large peak
initially, which is subsequently dampened, but then elevates slightly again. In general, a greater increase in infections is
seen with the increased infectivity in enzootic vectors than the change in bridge vectors.

https://doi.org/10.1371/journal.pone.0272130.9006

hosts by 5%, 10%, and 15% and compare the trend of the infectious bird population to that of
the default case.

Under the default infectivity condition (the left-most plot), the impact of the extended
infectious period is similar to those of increased ac or increased a3C shown in Fig 7 in the pre-
vious what-if scenario. The maximum peak increases 1.46, 2.02, and 2.83 fold when the infec-
tious period is increased by 5%, 10%, and 15%, respectively. The increased infectivity amplifies
the maximum peak even larger. When the infectivity parameters are increased by 2.5% and
5%, the peak size in the 1st year increases by 4.03 and 5.45 fold with a 15% extended infectious
period compared to the default case. The result demonstrates that small changes in multiple
parameters can result in a large impact on the disease dynamics of EEE. It also shows that simi-
lar disease dynamics can be driven by different combinations of changes in multiple
parameters.

Change in host preference. It is known that bridge vector species of EEE prefer mammals
more than birds, and only a small portion of bridge vector species has an opportunistic, evenly
mixed feeding preference [27, 29, 30, 45]. In this what-if scenario, the bridge vector’s feeding
behavior is changed to be more opportunistic and we compare the outcomes of this adjusted
behavior to that of default scenario. That is, the proportion of 8 in (B + Bear) is changed.
As gy increases, the size of I; increases, which also boosts the number of dead-end host
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infections because the number of vectors that biting hosts is increased. At the same time, S
decreases, which negatively affects the number of dead-end host infections because now bridge
vectors are less likely to bite dead-end host. Since all the other parameters are fixed, the value
of the cumulative dead-end host infections in the next two-year period (f fOT I,(t)dt) is
tracked to measure and compare the impact on the equine economy and public health. We
also track the change in R, to understand how the change in host preference affect EEE’s
spread.

Fig 8 shows the result where values on the x-axis varies the bridge vector’s host preference
ratio for birds (or l%ff—fmi). The dead-end host infection size is maximized at 50% and increases
significantly in the 10%-20% interval. Since the current default is known to be smaller than
10%, this result suggests that disease control authorities need to be wary of the influx of inva-
sive mosquito species with opportunistic feeding behavior.

Discussion

As aresult of the 2019 spike in EEE cases, a greater understanding of the transmission patterns
of EEE is needed. In this study, the multi-season transmission of EEE was explored using epi-
demic modeling methods. The modified basic reproductive number is greater than 1.0, which
indicates that EEEV does not die out naturally in the current situation. Both the sensitivity
analysis and the calculated extinction probabilities show the importance of the enzootic vector
population size and properties in maintaining EEE transmission.
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Using the epidemic model, potential viral and host mutations were also investigated by
comparing the expected impact of each change. Both the increased infectivity and the extended
infectious period result in greater annual peak size in the host infection, while the effect size of
the increased infectivity is greater within the tested ranges. A change in mosquito biting behav-
ior shows a peak in the dead-end host cases at 30 percent bird bites to 70 percent dead-end
host bites. Further increases in bird biting reduce the dead-end host disease burden as the
decrease in the dead-end host. This result indicates that the influx of mosquito species with
rather more opportunistic feeding behavior than major species such as Aedes aegypti and the
change in existing species’ feeding behavior can be an amplifier of damage caused by EEE. It
suggests that we need to pay attention to such changes that can be caused by global warming
and other environmental changes. In the appendices, we present the results of two additional
what-if scenarios: one with vertical transmission and the other with vector control policy. The
former shows that the existence of a vertical transmission path also can increase the peak in
host infection. The latter presents that immediate vector control is one way to minimize the
potential spread of virulent mutation in EEEV.

There are, of course, limitations to the presented model. The data used for fitting is from
sentinel flocks of chicken in Florida [3, 41], so while available for every week it might not rep-
resent the full variation of different bird species [9]. Existing studies of West Nile Virus point
out that the seroprevalence of an arbovirus in wild birds is significantly different depending on
bird species, location, and age (adult or juvenile) [63-65]. Levine et al. report that blue jays
(71.4%), northern cardinals (49.5%), and northern mockingbirds (52.3%) had significantly
higher seroprevalence rates of WNV than other species such as American robins (15.3%) and
Carolina wrens (10.6%) [64]. They also present that the highest probability of being seroposi-
tive for WNV is observed in the park areas with artificial water features for all wild bird species.
Magquart et al.’s study of WNV on domestic birds also demonstrates that there are significant
differences in seroprevalence rates for different species [65]. They report that a significantly
higher seroprevalence was observed with geese and turkeys compared to that of chicken and
ducks. For example, the seroprevalence of WNV in turkeys is greater than double that in
chickens. Beveroth et al. present that there also exists a significant difference in the seropreva-
lence between adult (12.1%) and juvenile (5.5%) birds in Illinois [63]. Although these studies
are about the seroprevalence of West Nile virus not EEE, we assume that the results of the
study on WNV, one of the major arboviruses, are meaningful as a proxy given the lack of stud-
ies on the seroprevalence of EEE in wild birds. That is, it is possible that the dataset from senti-
nel chickens underestimates or overestimates the seroconversion rate of EEE for wild birds.
There also exist studies of EEE suggesting that the dataset from sentinel chickens is potentially
inaccurate. One study suggests that wilds birds within swamp areas lead to almost 2 times
more EEE isolations than those outside of swamp areas [66]. Another study shows that 65% of
sentinel chickens had EEE antibodies compared to 33% of wild birds nearby [67]. These sug-
gest species and locations are also important for EEE data, emphasizing the parameter uncer-
tainty associated with using the sentinel chicken data for calibrating the model. The species
composition of the mosquito community also has great uncertainty because it highly depends
on the environment surrounding the observation tools [44].

Additionally, assumptions were made for the model. Birds, enzootic vectors, humans, and
bridge vectors were all assumed to be homogeneous populations without any variation in
parameters or behavior. No spatial features were used. These are major simplifications that
were selected due to the lack of data and can be adjusted in future works. Future work could
address these issues by creating larger models and simulations.

Another assumption was that the only seasonal change was that of mosquito birth rates.
There are multiple other potential seasonal factors. For example, people, mosquitoes, and
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birds are less active during the winter season resulting in lower biting rates. All the other sea-
sonal factors, such as changes in human behavior, bird behavior, and bird migration, were
ignored to keep the model as simple as possible. Due to these assumptions, detail is lost regard-
ing any seasonal differences not arising from mosquitoes. Hypotheses about human behavior,
bird behavior, and bird migration are also unable to be incorporated or tested without chang-
ing the model structure. However, the model can be iterated to add more complexity to
address these questions in the future studies.

Our next goal is to use this model to explore hypotheses about the reintroduction of EEE
each season from a location with year-round circulation. Moving forward this model could
also be used to explore questions about migration and overwintering, or more importantly
develop policies and interventions to reduce the dangers of EEE in the future.

Conclusions

In this paper, we have established the first multi-season mathematical model for EEE transmis-
sion by using seasonal forcing to understand EEE’s repeating prevalence and the correspond-
ing potential threats. We have utilized a 16-year seroconversion data set from sentinel
chickens in Florida. By taking advantage of the seroconversion rates, we have circumvented
the limitations caused by the scarcity of data about wild birds’ infections. Our analysis has con-
firmed that the roles of the enzootic vectors and the bridge vectors in EEE transmission are sig-
nificantly different. While the former is more involved in the EEE’s persistence, the latter
determines the direct impact on public health and the equine industry. Our results also show
many hypothetical mechanisms that could lead to increased case numbers including increased
infectivity, vertical transmission, and changes in feeding preference of bridge vectors. While
our scenarios are hypothetical, the US has already experienced an increase in EEE cases in
2019. In 2020, human EEEV neuroinvasive cases in the United States fell from 38 to 13, still
above the average of 11 human cases [68]. This could mirror the biannual pattern seen in our
what-if scenarios, something that can be explored as case numbers for 2021 become available.
The US also faces ongoing climate change, which further increases the probability of disease
variation. What should be done about EEE is still unclear, but we have developed a valuable
framework that can be used to test hypotheses about spread, mutations, interventions, and
prevention.

Supporting information

S1 Appendix. Compartmental model without seasonal forcing and its analytic results.
(PDF)

S2 Appendix. Parameter table.
(PDF)

S$3 Appendix. Empirical distributions of parameters obtained by the bootstrapping
method and their 95% confidence intervals.
(PDF)

S$4 Appendix. Additional what-if scenario 1. Vertical transmission.
(PDF)

S5 Appendix. Additional what-if scenario 2. Vector control (reduced vector population).
(PDF)

S1 Raw image.
(TIF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0272130  August 17, 2022 19/23


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s006
https://doi.org/10.1371/journal.pone.0272130

PLOS ONE

Multi-season transmission model of Eastern Equine Encephalitis

S$2 Raw image.
(TIF)

$3 Raw image.
(ZIP)

S$4 Raw image.
(Z1P)

Acknowledgments

We would like to acknowledge Ashwini Srinivasaprasad for her contribution to the class proj-
ect that was the start of this work. We would also like to acknowledge Dr. Andrea Morrison
and the Florida Department of Health for their diligent work tracking EEE and the use of their
sentinel chicken data.

Author Contributions

Conceptualization: Alexa Petrucciani, Geonsik Yu.

Formal analysis: Alexa Petrucciani, Geonsik Yu.

Investigation: Alexa Petrucciani, Geonsik Yu.

Methodology: Alexa Petrucciani, Geonsik Yu, Mario Ventresca.
Project administration: Mario Ventresca.

Supervision: Mario Ventresca.

Validation: Alexa Petrucciani, Geonsik Yu.

Visualization: Alexa Petrucciani, Geonsik Yu.

Writing - original draft: Alexa Petrucciani, Geonsik Yu.

Writing - review & editing: Alexa Petrucciani, Geonsik Yu, Mario Ventresca.

References

1. Armstrong PM, Andreadis TG. Eastern equine encephalitis virus—old enemy, new threat. N Engl J
Med. 2013; 368(18):1670-3. https://doi.org/10.1056/NEJMp1213696 PMID: 23635048

2. for Disease Control C, Prevention. Eastern Equine Enchephalitis; 2020. Available from: https://www.
cdc.gov/easternequineencephalitis/index.html.

3. Morens DM, Folkers GK, Fauci AS. Eastern Equine Encephalitis Virus—Another Emergent Arbovirus in
the United States. New England Journal of Medicine. 2019; 381(21):1989—-1992. https://doi.org/10.
1056/NEJMp1914328 PMID: 31747726

4. TurellMJ, Beaman JR, Neely GW. Experimental transmission of eastern equine encephalitis virus by
strains of Aedes albopictus and A. taeniorhynchus (Diptera: Culicidae). Journal of medical entomology.
1994; 31(2):287-290. https://doi.org/10.1093/jmedent/31.2.287 PMID: 8189419

5. Sardelis MR, Dohm DJ, Pagac B, Andre RG, Turell MJ. Experimental transmission of eastern equine
encephalitis virus by Ochlerotatus j. japonicus (Diptera: Culicidae). Journal of Medical Entomology.
2002; 39(3):480—484. https://doi.org/10.1603/0022-2585-39.3.480 PMID: 12061444

6. Bosak PJ, Reed LM, Crans WJ. Habitat preference of host-seeking Coquillettidia perturbans (Walker)
in relation to birds and eastern equine encephalomyelitis virus in New Jersey. Journal of Vector Ecol-
ogy: Journal of the Society for Vector Ecology. 2001; 26(1):103—-109. PMID: 11469178

7. Gray KM, Burkett-Cadena ND, Eubanks MD, Unnasch TR. Crepuscular flight activity of Culex erraticus
(Diptera: Culicidae). Journal of medical entomology. 2011; 48(2):167—172. https://doi.org/10.1603/
ME10176 PMID: 21485351

PLOS ONE | https://doi.org/10.1371/journal.pone.0272130  August 17, 2022 20/23


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272130.s009
https://doi.org/10.1056/NEJMp1213696
http://www.ncbi.nlm.nih.gov/pubmed/23635048
https://www.cdc.gov/easternequineencephalitis/index.html
https://www.cdc.gov/easternequineencephalitis/index.html
https://doi.org/10.1056/NEJMp1914328
https://doi.org/10.1056/NEJMp1914328
http://www.ncbi.nlm.nih.gov/pubmed/31747726
https://doi.org/10.1093/jmedent/31.2.287
http://www.ncbi.nlm.nih.gov/pubmed/8189419
https://doi.org/10.1603/0022-2585-39.3.480
http://www.ncbi.nlm.nih.gov/pubmed/12061444
http://www.ncbi.nlm.nih.gov/pubmed/11469178
https://doi.org/10.1603/ME10176
https://doi.org/10.1603/ME10176
http://www.ncbi.nlm.nih.gov/pubmed/21485351
https://doi.org/10.1371/journal.pone.0272130

PLOS ONE

Multi-season transmission model of Eastern Equine Encephalitis

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

24,

25.

26.

Goldfield M, Welsh JN, Taylor BF, et al. The 1959, outbreak of Eastern encephalitis in New Jersey. 5.
The inapparent infection: disease ratio. American Journal of Epidemiology. 1968; 87(1):32-8. https:/
doi.org/10.1093/oxfordjournals.aje.a120804 PMID: 5637876

Molaei G, Thomas MC, Muller T, Medlock J, Shepard JJ, Armstrong PM, et al. Dynamics of vector-host
interactions in avian communities in four eastern equine encephalitis virus foci in the northeastern US.
PLoS neglected tropical diseases. 2016; 10(1):e0004347. https://doi.org/10.1371/journal.pntd.0004347
PMID: 26751704

Unnasch RS, Sprenger T, Katholi CR, Cupp EW, Hill GE, Unnasch TR. A dynamic transmission model
of eastern equine encephalitis virus. Ecological Modelling. 2006; 192(3-4):425-440. https://doi.org/10.
1016/j.ecolmodel.2005.07.011 PMID: 16501661

Morrison A, Rowe D, Stanek D, LaCrue A, Castaneda M, Mock V, et al. Florida Arbovirus Surveillance.
The Florida Department of Health; 2019.

Chen J, Gao K, Wang R, Wei GW. Prediction and mitigation of mutation threats to COVID-19 vaccines
and antibody therapies. Chemical science. 2021; 12(20):6929-6948. https://doi.org/10.1039/
d1sc01203g PMID: 34123321

Wang R, Chen J, Gao K, Wei GW. Vaccine-escape and fast-growing mutations in the United Kingdom,
the United States, Singapore, Spain, India, and other COVID-19-devastated countries. Genomics.
2021; 113(4):2158-2170. https://doi.org/10.1016/j.ygeno.2021.05.006 PMID: 34004284

Ghosh N, Nandi S, Saha . A review on evolution of emerging SARS-CoV-2 variants based on spike gly-
coprotein. International Immunopharmacology. 2022; 105:108565. https://doi.org/10.1016/j.intimp.
2022.108565 PMID: 35123183

Peck KM, Lauring AS. Complexities of viral mutation rates. Journal of virology. 2018; 92(14). https://doi.
org/10.1128/JVI1.01031-17 PMID: 29720522

Ketkar H, Herman D, Wang P. Genetic Determinants of the Re-Emergence of Arboviral Diseases.
Viruses. 2019; 11(2):150. https://doi.org/10.3390/v11020150 PMID: 30759739

Weaver SC, Bellew LA, Gousset L, Repik PM, Scott TW, Holland JJ. Diversity within natural populations
of eastern equine encephalomyelitis virus. Virology. 1993; 195(2):700-709. https://doi.org/10.1006/
viro.1993.1421 PMID: 8101674

Weaver SC, Brault AC, Kang W, Holland JJ. Genetic and fitness changes accompanying adaptation of
an arbovirus to vertebrate and invertebrate cells. Journal of virology. 1999; 73(5):4316—4326. https://
doi.org/10.1128/jvi.73.5.4316-4326.1999 PMID: 10196330

Gardner CL, Choi-Nurvitadhi J, Sun C, Bayer A, Hritz J, Ryman KD, et al. Natural variation in the
heparan sulfate binding domain of the eastern equine encephalitis virus E2 glycoprotein alters interac-
tions with cell surfaces and virulence in mice. Journal of virology. 2013; 87(15):8582—-8590. https://doi.
org/10.1128/JV1.00937-13 PMID: 23720725

Aguilar PV, Adams AP, Wang E, Kang W, Carrara AS, Anishchenko M, et al. Structural and nonstruc-
tural protein genome regions of eastern equine encephalitis virus are determinants of interferon sensi-
tivity and murine virulence. Journal of virology. 2008; 82(10):4920—4930. https://doi.org/10.1128/JVI.
02514-07 PMID: 18353963

Aguilar PV, Leung LW, Wang E, Weaver SC, Basler CF. A five-amino-acid deletion of the eastern
equine encephalitis virus capsid protein attenuates replication in mammalian systems but not in mos-
quito cells. Journal of virology. 2008; 82(14):6972—-6983. https://doi.org/10.1128/JV1.01283-07 PMID:
18480443

Pandya J, Gorchakov R, Wang E, Leal G, Weaver SC. A vaccine candidate for eastern equine enceph-
alitis virus based on IRES-mediated attenuation. Vaccine. 2012; 30(7):1276—1282. https://doi.org/10.
1016/j.vaccine.2011.12.121 PMID: 22222869

Trobaugh DW, Sun C, Dunn MD, Reed DS, Klimstra WB. Rational design of a live-attenuated eastern
equine encephalitis virus vaccine through informed mutation of virulence determinants. PLoS Patho-
gens. 2019; 15(2):e1007584. https://doi.org/10.1371/journal.ppat. 1007584 PMID: 30742691

Meshram CD, Shiliaev N, Frolova El, Frolov |. Hypervariable domain of nsP3 of eastern equine enceph-
alitis virus is a critical determinant of viral virulence. Journal of Virology. 2020; 94(17):e00617-20.
https://doi.org/10.1128/JV1.00617-20 PMID: 32581106

Hamer GL, Kitron UD, Goldberg TL, Brawn JD, Loss SR, Ruiz MO, et al. Host selection by Culex pipiens
mosquitoes and West Nile virus amplification. The American journal of tropical medicine and hygiene.
2009; 80(2):268-278. https://doi.org/10.4269/ajtmh.2009.80.268 PMID: 19190226

Turell MJ, Dohm DJ, Sardelis MR, O’guinn ML, Andreadis TG, Blow JA. An update on the potential of
North American mosquitoes (Diptera: Culicidae) to transmit West Nile virus. Journal of medical entomol-
ogy. 2005; 42(1):57-62. https://doi.org/10.1093/jmedent/42.1.57 PMID: 15691009

PLOS ONE | https://doi.org/10.1371/journal.pone.0272130  August 17, 2022 21/23


https://doi.org/10.1093/oxfordjournals.aje.a120804
https://doi.org/10.1093/oxfordjournals.aje.a120804
http://www.ncbi.nlm.nih.gov/pubmed/5637876
https://doi.org/10.1371/journal.pntd.0004347
http://www.ncbi.nlm.nih.gov/pubmed/26751704
https://doi.org/10.1016/j.ecolmodel.2005.07.011
https://doi.org/10.1016/j.ecolmodel.2005.07.011
http://www.ncbi.nlm.nih.gov/pubmed/16501661
https://doi.org/10.1039/d1sc01203g
https://doi.org/10.1039/d1sc01203g
http://www.ncbi.nlm.nih.gov/pubmed/34123321
https://doi.org/10.1016/j.ygeno.2021.05.006
http://www.ncbi.nlm.nih.gov/pubmed/34004284
https://doi.org/10.1016/j.intimp.2022.108565
https://doi.org/10.1016/j.intimp.2022.108565
http://www.ncbi.nlm.nih.gov/pubmed/35123183
https://doi.org/10.1128/JVI.01031-17
https://doi.org/10.1128/JVI.01031-17
http://www.ncbi.nlm.nih.gov/pubmed/29720522
https://doi.org/10.3390/v11020150
http://www.ncbi.nlm.nih.gov/pubmed/30759739
https://doi.org/10.1006/viro.1993.1421
https://doi.org/10.1006/viro.1993.1421
http://www.ncbi.nlm.nih.gov/pubmed/8101674
https://doi.org/10.1128/jvi.73.5.4316-4326.1999
https://doi.org/10.1128/jvi.73.5.4316-4326.1999
http://www.ncbi.nlm.nih.gov/pubmed/10196330
https://doi.org/10.1128/JVI.00937-13
https://doi.org/10.1128/JVI.00937-13
http://www.ncbi.nlm.nih.gov/pubmed/23720725
https://doi.org/10.1128/JVI.02514-07
https://doi.org/10.1128/JVI.02514-07
http://www.ncbi.nlm.nih.gov/pubmed/18353963
https://doi.org/10.1128/JVI.01283-07
http://www.ncbi.nlm.nih.gov/pubmed/18480443
https://doi.org/10.1016/j.vaccine.2011.12.121
https://doi.org/10.1016/j.vaccine.2011.12.121
http://www.ncbi.nlm.nih.gov/pubmed/22222869
https://doi.org/10.1371/journal.ppat.1007584
http://www.ncbi.nlm.nih.gov/pubmed/30742691
https://doi.org/10.1128/JVI.00617-20
http://www.ncbi.nlm.nih.gov/pubmed/32581106
https://doi.org/10.4269/ajtmh.2009.80.268
http://www.ncbi.nlm.nih.gov/pubmed/19190226
https://doi.org/10.1093/jmedent/42.1.57
http://www.ncbi.nlm.nih.gov/pubmed/15691009
https://doi.org/10.1371/journal.pone.0272130

PLOS ONE

Multi-season transmission model of Eastern Equine Encephalitis

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

Richards SL, Ponnusamy L, Unnasch TR, Hassan HK, Apperson CS. Host-feeding patterns of Aedes
albopictus (Diptera: Culicidae) in relation to availability of human and domestic animals in suburban
landscapes of central North Carolina. Journal of medical entomology. 2006; 43(3):543-551. https://doi.
org/10.1603/0022-2585(2006)43[543:hpoaad]2.0.co;2 PMID: 16739414

Edman J, Webber L, Kale H. Host-feeding patterns of Florida mosquitoes |l. Culiseta. Journal of Medical
Entomology. 1972; 9(5):429—434. https://doi.org/10.1093/jmedent/9.5.429 PMID: 4404140

Molaei G, Andreadis TG, Armstrong PM, Diuk-Wasser M. Host-feeding patterns of potential mosquito
vectors in Connecticut, USA: molecular analysis of bloodmeals from 23 species of Aedes, Anopheles,
Culex, Coquillettidia, Psorophora, and Uranotaenia. Journal of medical entomology. 2008; 45(6):1143—
1151. https://doi.org/10.1603/0022-2585(2008)45%5B1143:HPOPMV%5D2.0.CO;2 PMID: 19058640

Burkett-Cadena ND, Bingham AM, Hunt B, Morse G, Unnasch TR. Ecology of Culiseta melanura and
other mosquitoes (Diptera: Culicidae) from Walton County, FL, during winter period 2013—2014. Journal
of medical entomology. 2015; 52(5):1074—1082. https://doi.org/10.1093/jme/tjv087 PMID: 26336227

Wilke AB, Vasquez C, Medina J, Carvajal A, Petrie W, Beier JC. Community composition and year-
round abundance of vector species of mosquitoes make Miami-Dade County, Florida a receptive gate-
way for arbovirus entry to the United States. Scientific reports. 2019; 9(1):1-10. https://doi.org/10.1038/
$41598-019-45337-2 PMID: 31217547

Blosser EM, Lord CC, Stenn T, Acevedo C, Hassan HK, Reeves LE, et al. Environmental drivers of sea-
sonal patterns of host utilization by Culiseta melanura (Diptera: Culicidae) in Florida. Journal of medical
entomology. 2017; 54(5):1365—-1374. https://doi.org/10.1093/jme/tjx140 PMID: 28874017

Bartlett MS. Deterministic and stochastic models for recurrent epidemics. University of Manchester;
1956.

van den Driessche P. Reproduction numbers of infectious disease models. Infectious Disease Model-
ling. 2017; 2(3):288-303. https://doi.org/10.1016/}.idm.2017.06.002 PMID: 29928743

Grassly NC, Fraser C. Seasonal infectious disease epidemiology. Proceedings of the Royal Society B:
Biological Sciences. 2006; 273(1600):2541-2550. https://doi.org/10.1098/rspb.2006.3604 PMID:
16959647

Darbro JM, Harrington LC. Avian defensive behavior and blood-feeding success of the West Nile vector
mosquito, Culex pipiens. Behavioral Ecology. 2007; 18(4):750—757. https://doi.org/10.1093/beheco/
arm043

Allen LJ, van den Driessche P. Relations between deterministic and stochastic thresholds for disease
extinction in continuous-and discrete-time infectious disease models. Mathematical biosciences. 2013;
243(1):99-108. https://doi.org/10.1016/j.mbs.2013.02.006 PMID: 23458509

Allen LJ, Lahodny GE Jr. Extinction thresholds in deterministic and stochastic epidemic models. Journal
of Biological Dynamics. 2012; 6(2):590-611. https://doi.org/10.1080/17513758.2012.665502 PMID:
22873607

Lahodny G Jr, Gautam R, Ivanek R. Estimating the probability of an extinction or major outbreak for an
environmentally transmitted infectious disease. Journal of biological dynamics. 2015; 9(sup1):128—155.
https://doi.org/10.1080/17513758.2014.954763

Mbogo RW, Luboobi LS, Odhiambo JW. A stochastic model for malaria transmission dynamics. Journal
of Applied Mathematics. 2018; 2018. https://doi.org/10.1155/2018/2439520

Heberlein-Larson LA, Tan Y, Stark LM, Cannons AC, Shilts MH, Unnasch TR, et al. Complex epidemio-
logical dynamics of eastern equine encephalitis virus in Florida. The American journal of tropical medi-
cine and hygiene. 2019; 100(5):1266—1274. https://doi.org/10.4269/ajtmh.18-0783 PMID: 30860014

Hribar LJ. Dataset for mosquito collections on Big Pine Key, Florida, USA. Data in brief. 2019;
26:104516. https://doi.org/10.1016/).dib.2019.104516 PMID: 31667279

Wonham M, Lewis M. A comparative analysis of models for West Nile virus. In: Mathematical epidemiol-
ogy. Springer; 2008. p. 365—-390.

Giordano BV, Bartlett SK, Falcon DA, Lucas RP, Tressler MJ, Campbell LP. Mosquito Community Com-
position, Seasonal Distributions, and Trap Bias in Northeastern Florida. Journal of Medical Entomology.
2020;. https://doi.org/10.1093/jme/tjaa053 PMID: 32206774

Molaei G, Andreadis TG, Armstrong PM, Anderson JF, Vossbrinck CR. Host feeding patterns of Culex
mosquitoes and West Nile virus transmission, northeastern United States. Emerging infectious dis-
eases. 2006; 12(3):468. https://doi.org/10.3201/eid1203.051004 PMID: 16704786

Kraft D. A software package for sequential quadratic programming. Deutsche Forschungs- und Ver-
suchsanstalt fur Luft- und Raumfahrt KéIn: Forschungsbericht. Wiss. Berichtswesen d. DFVLR; 1988.
Available from: https://books.google.com/books?id=4rKaGwAACAAJ.

Wales DJ, Scheraga HA. Global optimization of clusters, crystals, and biomolecules. Science. 1999;
285(5432):1368—1372. https://doi.org/10.1126/science.285.5432.1368 PMID: 10464088

PLOS ONE | https://doi.org/10.1371/journal.pone.0272130  August 17, 2022 22/23


https://doi.org/10.1603/0022-2585(2006)43[543:hpoaad]2.0.co;2
https://doi.org/10.1603/0022-2585(2006)43[543:hpoaad]2.0.co;2
http://www.ncbi.nlm.nih.gov/pubmed/16739414
https://doi.org/10.1093/jmedent/9.5.429
http://www.ncbi.nlm.nih.gov/pubmed/4404140
https://doi.org/10.1603/0022-2585(2008)45%5B1143:HPOPMV%5D2.0.CO;2
http://www.ncbi.nlm.nih.gov/pubmed/19058640
https://doi.org/10.1093/jme/tjv087
http://www.ncbi.nlm.nih.gov/pubmed/26336227
https://doi.org/10.1038/s41598-019-45337-2
https://doi.org/10.1038/s41598-019-45337-2
http://www.ncbi.nlm.nih.gov/pubmed/31217547
https://doi.org/10.1093/jme/tjx140
http://www.ncbi.nlm.nih.gov/pubmed/28874017
https://doi.org/10.1016/j.idm.2017.06.002
http://www.ncbi.nlm.nih.gov/pubmed/29928743
https://doi.org/10.1098/rspb.2006.3604
http://www.ncbi.nlm.nih.gov/pubmed/16959647
https://doi.org/10.1093/beheco/arm043
https://doi.org/10.1093/beheco/arm043
https://doi.org/10.1016/j.mbs.2013.02.006
http://www.ncbi.nlm.nih.gov/pubmed/23458509
https://doi.org/10.1080/17513758.2012.665502
http://www.ncbi.nlm.nih.gov/pubmed/22873607
https://doi.org/10.1080/17513758.2014.954763
https://doi.org/10.1155/2018/2439520
https://doi.org/10.4269/ajtmh.18-0783
http://www.ncbi.nlm.nih.gov/pubmed/30860014
https://doi.org/10.1016/j.dib.2019.104516
http://www.ncbi.nlm.nih.gov/pubmed/31667279
https://doi.org/10.1093/jme/tjaa053
http://www.ncbi.nlm.nih.gov/pubmed/32206774
https://doi.org/10.3201/eid1203.051004
http://www.ncbi.nlm.nih.gov/pubmed/16704786
https://books.google.com/books?id=4rKaGwAACAAJ
https://doi.org/10.1126/science.285.5432.1368
http://www.ncbi.nlm.nih.gov/pubmed/10464088
https://doi.org/10.1371/journal.pone.0272130

PLOS ONE

Multi-season transmission model of Eastern Equine Encephalitis

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Olson B, Hashmi |, Molloy K, Shehu A. Basin Hopping as a General and Versatile Optimization Frame-
work for the Characterization of Biological Macromolecules. Advances in Atrtificial Intelligence
(16877470). 2012;. https://doi.org/10.1155/2012/674832

Chowell G. Fitting dynamic models to epidemic outbreaks with quantified uncertainty: A primer for
parameter uncertainty, identifiability, and forecasts. Infectious Disease Modelling. 2017; 2(3):379-398.
https://doi.org/10.1016/j.idm.2017.08.001 PMID: 29250607

Hartemink N, Davis S, Reiter P, Hubalek Z, Heesterbeek J. Importance of bird-to-bird transmission for
the establishment of West Nile virus. Vector-Borne and Zoonotic Diseases. 2007; 7(4):575-584. https:/
doi.org/10.1089/vbz.2006.0613 PMID: 17979541

Wonham MJ, de Camino-Beck T, Lewis MA. An epidemiological model for West Nile virus: invasion
analysis and control applications. Proceedings of the Royal Society of London Series B: Biological Sci-
ences. 2004; 271(1538):501-507. https://doi.org/10.1098/rspb.2003.2608 PMID: 15129960

Kain MP, Bolker BM. Can existing data on West Nile virus infection in birds and mosquitos explain strain
replacement? Ecosphere. 2017; 8(3):e01684.

Keeling MJ, Rohani P. Modeling infectious diseases in humans and animals. Princeton University;
2008.

Keeling MJ, Grenfell BT. Understanding the persistence of measles: reconciling theory, simulation and
observation. Proceedings of the Royal Society of London Series B: Biological Sciences. 2002; 269
(1489):335-343. https://doi.org/10.1098/rspb.2001.1898 PMID: 11886620

Agarwal A, Sharma AK, Sukumaran D, Parida M, Dash PK. Two novel epistatic mutations (E1: K211E
and E2: V264A) in structural proteins of Chikungunya virus enhance fitness in Aedes aegypti. Virology.
2016; 497:59-68. https://doi.org/10.1016/j.virol.2016.06.025 PMID: 27423270

Berman JJ. Taxonomic guide to infectious diseases: understanding the biologic classes of pathogenic
organisms. Academic Press; 2019.

Bustamante DM, Lord CC. Sources of error in the estimation of mosquito infection rates used to assess
risk of arbovirus transmission. The American journal of tropical medicine and hygiene. 2010; 82
(6):1172. https://doi.org/10.4269/ajtmh.2010.09-0323 PMID: 20519620

Whitehorn J, Yacoub S. Global warming and arboviral infections. Clinical Medicine. 2019; 19(2):149.
https://doi.org/10.7861/clinmedicine.19-2-149 PMID: 30872300

Bremermann HJ, Pickering J. A game-theoretical model of parasite virulence. Journal of Theoretical
Biology. 1983; 100(3):411-426. https://doi.org/10.1016/0022-5193(83)90438-1 PMID: 6834864

Porco TC, Lloyd-Smith JO, Gross KL, Galvani AP. The effect of treatment on pathogen virulence. Jour-
nal of Theoretical Biology. 2005; 233(1):91-102. https://doi.org/10.1016/j.jtbi.2004.09.009 PMID:
15615623

Bonney PJ, Malladi S, Boender GJ, Weaver JT, Ssematimba A, Halvorson DA, et al. Spatial transmis-
sion of H5N2 highly pathogenic avian influenza between Minnesota poultry premises during the 2015
outbreak. PLoS One. 2018; 13(9):e0204262. https://doi.org/10.1371/journal.pone.0204262 PMID:
30240402

Grewar JD, Kotze JL, Parker BJ, Van Helden LS, Weyer CT. An entry risk assessment of African horse
sickness virus into the controlled area of South Africa through the legal movement of equids. Plos one.
2021; 16(5):€0252117. https://doi.org/10.1371/journal.pone.0252117 PMID: 34038466

Beveroth TA, Ward MP, Lampman RL, Ringia AM, Novak RJ. Changes in seroprevalence of West Nile
virus across lllinois in free-ranging birds from 2001 through 2004. American Journal of Tropical Medi-
cine and Hygiene. 2006; 74(1):174—179. https://doi.org/10.4269/ajtmh.2006.74.174 PMID: 16407365

Levine RS, Mead DG, Hamer GL, Brosi BJ, Hedeen DL, Hedeen MW, et al. Supersuppression: Reser-
voir competency and timing of mosquito host shifts combine to reduce spillover of West Nile virus. The
American journal of tropical medicine and hygiene. 2016; 95(5):1174—1184. https://doi.org/10.4269/
ajtmh.15-0809 PMID: 27503511

Maquart M, Boyer S, Rakotoharinome VM, Ravaomanana J, Tantely ML, Heraud JM, et al. High preva-
lence of West Nile virus in domestic birds and detection in 2 new mosquito species in Madagascar.
PLoS One. 2016; 11(1):e0147589. https://doi.org/10.1371/journal.pone.0147589 PMID: 26807720

Williams J, Young O, Watts D. Relationship of Density of Culiseta Melanura Mosquitoes to Infection of
Wild Birds with Eastern and Western Equine Encephalitis Viruses. Journal of medical entomology.
1974; 11:352—4. https://doi.org/10.1093/jmedent/11.3.352 PMID: 4153042

Hayes RO, Daniels JB, Anderson KS, Parsons MA, Maxfield HK, Lamotte LC. Detection of eastern
encephalitis virus and antibody in wild and domestic birds in Massachusetts. American Journal of Epide-
miology. 1962; 75(2):183-189. https://doi.org/10.1093/oxfordjournals.aje.a120242 PMID: 13905654

for Disease Control C, Prevention. Eastern Equine Enchephalitis- Statistics & Maps; 2021. Available
from: https://www.cdc.gov/easternequineencephalitis/statistics-maps/index.html.

PLOS ONE | https://doi.org/10.1371/journal.pone.0272130  August 17, 2022 23/23


https://doi.org/10.1155/2012/674832
https://doi.org/10.1016/j.idm.2017.08.001
http://www.ncbi.nlm.nih.gov/pubmed/29250607
https://doi.org/10.1089/vbz.2006.0613
https://doi.org/10.1089/vbz.2006.0613
http://www.ncbi.nlm.nih.gov/pubmed/17979541
https://doi.org/10.1098/rspb.2003.2608
http://www.ncbi.nlm.nih.gov/pubmed/15129960
https://doi.org/10.1098/rspb.2001.1898
http://www.ncbi.nlm.nih.gov/pubmed/11886620
https://doi.org/10.1016/j.virol.2016.06.025
http://www.ncbi.nlm.nih.gov/pubmed/27423270
https://doi.org/10.4269/ajtmh.2010.09-0323
http://www.ncbi.nlm.nih.gov/pubmed/20519620
https://doi.org/10.7861/clinmedicine.19-2-149
http://www.ncbi.nlm.nih.gov/pubmed/30872300
https://doi.org/10.1016/0022-5193(83)90438-1
http://www.ncbi.nlm.nih.gov/pubmed/6834864
https://doi.org/10.1016/j.jtbi.2004.09.009
http://www.ncbi.nlm.nih.gov/pubmed/15615623
https://doi.org/10.1371/journal.pone.0204262
http://www.ncbi.nlm.nih.gov/pubmed/30240402
https://doi.org/10.1371/journal.pone.0252117
http://www.ncbi.nlm.nih.gov/pubmed/34038466
https://doi.org/10.4269/ajtmh.2006.74.174
http://www.ncbi.nlm.nih.gov/pubmed/16407365
https://doi.org/10.4269/ajtmh.15-0809
https://doi.org/10.4269/ajtmh.15-0809
http://www.ncbi.nlm.nih.gov/pubmed/27503511
https://doi.org/10.1371/journal.pone.0147589
http://www.ncbi.nlm.nih.gov/pubmed/26807720
https://doi.org/10.1093/jmedent/11.3.352
http://www.ncbi.nlm.nih.gov/pubmed/4153042
https://doi.org/10.1093/oxfordjournals.aje.a120242
http://www.ncbi.nlm.nih.gov/pubmed/13905654
https://www.cdc.gov/easternequineencephalitis/statistics-maps/index.html
https://doi.org/10.1371/journal.pone.0272130

