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96822, USA

3 Hawaii Data Collaborative, Honolulu, HI 96813, USA

* Correspondence: Email: chyba@hawaii.edu; Tel: +1-201-616-0621; Fax: +1-808-956-9139.

Abstract: In this paper we introduce a model for the spread of COVID-19 which takes into account
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1. Introduction

A primary focus of our paper is to present a more complete compartmental model for the spread of
the coronavirus disease 2019 (COVID-19). There is a plethora of writings regarding mathematical
modeling applied to the current pandemic. A reader interested in a comprehensive review may
consult [3], which is a book dedicated to investigating mathematical techniques for the modeling and
simulation of the Covid-19 viral pandemic, and references therein. Our model incorporates competing
variants of the virus along with fading of vaccine protection, and a possibility of reinfection when an
infected individual becomes susceptible again. Indeed, as viruses continue to circulate, they adapt to
their changing environment through mutations. The latter occur when a virus replicates itself, since
errors can be made during the RNA or DNA replication process. Beneficial (to the virus) mutations
persist and accumulate, eventually resulting in a copy which can be sufficiently distinct from the
original virus so as to exhibit different characteristics [13]. If this occurs, the copy is considered a
variant strain of the original virus. Such changes in the viral genome may prolong their survival in
hosts through increased transmissibility or improved immune system evasion, for instance. A virus
variant exhibiting these traits along with a decreased effectiveness of prevention or treatment response,
increased virulence, or detrimental changes in COVID-19 epidemiology at a global health scale, is
what the World Health Organization (WHO) defines as a COVID-19 Variant of Concern (VOC). As
of January 2022, WHO identified five VOCs: Alpha, Beta, Gamma, Delta and Omicron. In this paper
we focus on the impact of the latter two variants on the state of Hawai‘i. Pharmaceutical measures
such as vaccinations can drastically impact the evolution of a pandemic, which was indeed the case
for COVID-19. However, it has been confirmed that individuals might become reinfected after their
immunity from a prior infection starts waning [37]. Therefore, a comprehensive and accurate model
needs to account for all of these specific features, i.e. COVID-19 models had to evolve alongside with
the pandemic. For the past two years, the model described below has been used to fit data for the state
of Hawai‘i, provide forecasts, and serve as a resource to the state in its fight against the severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2). Indeed, mathematical models have been central to
the public and policy debate throughout the COVID-19 pandemic [2]. Modeling provides an important
tool to characterize, for instance, the impact of the pandemic on the healthcare system or school safety.
More generally, it helps to explore various intervention strategies and assess their efficacy. See [36] for
a case study on the Republic of Mauritius, another Island nation, and [39] on an extended SEIR model
to incorporate the effect of testing, tracing and isolation.

Figure 1 shows major milestones for the evolution of the global pandemic over the first two years,
with explicit appearances of the Delta and Omicron variants, and the beginning of implementation of
vaccines. A Hawai‘i specific timeline can be found in Figure 5 in Section 3.

In response to the emergency of the pandemic, the Hawai‘i Pandemic Applied Modeling Work
Group (HiPAM) was created at the University of Hawai‘i. The group was composed of health care
workers, epidemiologists, data scientists, and many others working together with the goal of helping
the state of Hawai‘i. This was done by providing mathematical and data driven tools that could inform
decision-making and state planning. Modeling and forecasting have been a core part of HiPAM’s
mission, and it relied heavily on the model which is essentially the one presented here. HiPAM has
been committed to frequently updating model designs and specifications and the resulting forecasts in
order to adapt and account for the many unique qualities of Hawai‘i among the 50 States. In particular,

AIMS Mathematics Volume 8, Issue 2, 4487–4523.



4489

Figure 1. World’s Timeline of the COVID-19 pandemic from end of 2019 to early 2022.

the HiPAM website [18] was updated at least once a week for a significant portion of the pandemic
up until the summer of 2022. The updates displayed the latest available data for COVID-19 daily
new cases, active hospitalizations and ICU beds, total deaths, and active cases. In addition, the model
described in this paper (albeit a simplified version) was used to provide three two week forecasts for
each set of data: a best-case, worst-case, and estimated prediction for how the numbers could change
in time. The website is also a repository for the frequent HiPAM reports that incorporated the more
sophisticated modeling approach we describe in this paper, and provided the interested parties along
with the general public with the latest forecasting efforts and the most up to date analysis of where
Hawai‘i stood in the progress of the pandemic.

The outline of the paper is as follows. Section 2 provides a detailed description of our discrete
compartmental model. Section 3 introduces Hawai‘i specific features that need to be taken into account
by the model. In Section 4, the focus is shifted to the model performance after vaccinations became
available and new variants of concern started to emerge, including several HiPAM reports that were
produced using the model. Section 5 offers a discussion regarding our modeling efforts and concludes
the paper.

2. Compartmental model including travelers, vaccine and reinfection

Compartmental models, sometimes called equation based models (EBMs) have been widely used
in epidemiological modeling for over a century, starting with the work of Ross (1916) [35], Ross
and Hudson (1917) [34], Kermack and McKendrick (1927) [26] and Kendall (1956) [25], all in the
effort to study infectious diseases. In [28] the authors compare compartmental modeling with another
common approach, agent based modeling (ABMs), listing pros and cons of each approach. For this
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paper we focus solely on a compartmental model tailored to the Hawaiian Islands in particular. For
a standard SEIR approach, the population is partitioned into four compartments based on the status
therein of individuals’ relationship to the disease: susceptible, exposed, infected, or removed. Each
compartment relates to the others via differential equations, or as here, difference equations which have
been discretized by each day. A common assumption that is typically made, as it is here, is that the
total population size (sum over all compartments) is fixed and the populous within each compartment
is homogeneous relative to infection and spread of the disease, as seen in [5, 10–12, 19, 27, 44].

Because of the simplicity of a four compartment model, we can make precise statements about what
are the possible results, but on the other hand, we fail to capture all the different factors that are at play
in reality. The possible outcomes of a virus spreading within a population are inherently dependent
on the choices and actions of the people, and so a four compartment partition is too coarse and needs
refining in order to capture more nuanced possibilities. Hence, we push the setup further, and include
new modifications, e.g. sub-compartments to represent individuals with distinct characteristics like
travelers visiting the islands, or health care workers who are more likely to be exposed, but also may
behave more cautiously in social situations. Additionally, we include the most common mitigation and
preventative measures i.e. protection from wearing masks as well as a fifth compartment corresponding
to the individuals who have received a dosage of a vaccine. In particular, our SEIR model setup for
COVID-19 may differ from a classical model in that the exposed category, corresponding to infected
individuals without symptoms, does not lead exclusively into the infected category of symptomatic
individuals. Rather, we allow infected yet asymptomatic individuals to bypass the I category via an
outgoing arrow directly from E to R. This is an important distinction since this is not always assumed,
but we know for COVID-19 that an infected individual will not always show symptoms and therefore
will potentially spread the virus in a way that differs from an individual who is aware they are sick.
The reader may refer to the work in [8] for more details.

Our earliest modeling efforts were originally inspired by [29], which subsequently led to [7],
published at the beginning stages of the pandemic and developed prior to the vaccinations or the
threat of more variants. When more unique circumstances to Hawai‘i became relevant, the model was
expanded as seen in [9]. This paper focuses on three further developments to the model, each meant to
capture an important factor of the pandemic which plays a significant part in the reality of the disease
spread. First, we generalize the approach for incorporating any number, K, of variant strains as they
appear in the population, since important parameter values may differ between them. This allows us
to account for differences in rate of infection, hospitalization rate, etc. Second and third are the import
realities of vaccine fading and the possibility of re-infection. While it is true that contracting the virus
and then recovering will likely boost one’s natural immunity, it is also true that infection can happen
again after a relatively short period of time. Therefore, an individual making it through the model
into the recovered compartment should not indefinitely prevent them from rejoining the susceptible
compartment. Similarly, the efficacy of the vaccines will wane over time, which is why booster shots
have been such an important part of Hawai‘i State’s vaccination efforts. Including vaccine fading is
important if one wishes to gain insight into the potential effect of future vaccination efforts.

2.1. Discrete generalized SEIR model

Our model is an extension of the model presented in [9], which is a discrete compartmental model
with time steps of one day. Here we assume that the population is exposed to some number K ≥ 1 of
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different variants. When referring to an arbitrary one of these variants, we use a subscript or superscript
k. The compartments S , V , E, I and R represent susceptible, vaccinated susceptible, asymptomatic,
symptomatic, and recovered populations, respectively. We neglect birth and death rates since they
are marginal in comparison to the total population which we therefore assume constant. For our
simulations, death can be calculated by taking a percentage of hospitalized individuals (which can
be variant dependent). It is important to note that in our model, the diagram and equations below
actually exist for 3 different sub-groups: c, h, and v representing the general community, healthcare
workers, and visitors, respectively. If we refer to travelers, we are thinking of both tourists and
returning residents. The returning residents are added to the c subgroup (community) because they
are expected to behave the same as the larger community, whereas the tourists are treated as having a
different behaviour. Hence, in what follows, by v we denote the travelers who are classified as tourists.

The compartments Ē and Ī represent the asymptomatic and symptomatic populations who are
vaccinated. That is, a compartment marked with a bar contains individuals who have the full protection
from vaccination. We assume that the latter occurs after completing vaccination regardless of, for
example, booster shot status or the brand of the vaccine. Also, individuals are assumed to have
completed vaccination if they received at least two doses of the vaccine, except for the Johnson
and Johnson vaccine for which a single shot is sufficient. Vaccine fading is introduced in the model
through a pathway from V to S , which we assume happens uniformly for all individuals after θ days,
assuming they never became sick. The possibility of re-infection is implemented in the model via
pathways from each Rk, the recovered compartment for the k-th variant, into the S and V compartments,
depending on the individuals’ vaccination status. In other words, we ensure that when a recovered
individual once again becomes susceptible, their vaccination status is retained. While the susceptible
and vaccinated susceptible pool is shared between all the variants, each variant has a distinct Ek, Ik, and
Rk (and the applicable bar) compartment. This means that each individual can only be asymptomatic
or symptomatic with one variant at a time and that an individual who recovers from a variant will
eventually become susceptible again and possibly re-infected with either the same variant or another
one. In Figure 2 we provide a high level structure of a multi-variant SEIR model.

Equation (2.1) represents the dynamics of the susceptible compartment. NV here stands for “newly
vaccinated” and is a list of real data values collected from the department of Health, with individual
entries NV(t) corresponding to the number of newly vaccinated individuals on day t. The values of
NV(t) may vary as t changes, or it may stay constant for some time, as the data required may not be
readily available, in which case NV(t) may be set to a constant that approximates the average rate of
vaccination.

S (t + 1) = S (t) −

 K∑
k=1

(1 − e−λk(t))S (t)

 − NV(t) + ζ(t, θ)NV(t − θ) +

K∑
k=1

ψk(t)Rk(t) (2.1)

Then similarly we have vaccinated individuals:

V(t + 1) = V(t) −

 K∑
k=1

(1 − e−λk(t))µkV(t)

 + NV(t) − ζ(t, θ)NV(t − θ) +

K∑
k=1

Ψk(t)Rk(t) (2.2)

To determine the number of susceptible individuals on day t + 1 we start with those who were

susceptible on day t. Next we subtract from this
K∑

k=1

(1− e−λk(t))S (t), which is the number of individuals
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Figure 2. High Level Structure of Multi Variant SEIR model with vaccine fading and re-
infection. Subscript k is used to distinguish variants, ζ represents vaccine fading, ψk and
Ψk are the proportion of recovered individuals (unvaccinated and vaccinated respectively)
who become susceptible again. The compartments Ek and Ik are further subdivided into 14
and 5 sub-compartments respectively. The Ek compartment is partitioned into fourteen sub-
compartments to account for the possibility of individuals remaining asymptomatic for some
period of time or never develop symptoms (14 represents a two weeks length of asymptomatic
illness before recovering). Ik is sub-divided into 5 sub-compartments to account different
level of symptoms severity. More details can be found in Figure 2 of [28].

who were infected by any one of the K variants on day t. Then we subtract the newly vaccinated
individuals NV(t), but also we add back ζ(t, θ)NV(t − θ), representing the effect of vaccine fading,

where ζ(t, θ) =

θ∏
i=1

K∏
k=1

(1 − µk(1 − e−λk(t−θ+i))). In other words, we put back the individuals who were

subtracted from S as newly vaccinated θ days ago, where θ days is the time it takes a vaccinated person
to become more or less fully susceptible again according to best current evidence, assuming that they
were never infected with any of the K variants. For simplicity in our simulations we take ζ = 0.6, as
the formula becomes unwieldy when the number of variants increases, and furthermore it is unknown
whether vaccine fading should be dependent on the brand of vaccine, for example, or if it should
truly apply to all individuals equally and in the same amount of time. The equation to determine the
number of vaccinated susceptible on day t + 1 is structurally the same as that for susceptible, except
that the newly vaccinated individuals are added and the individuals losing their vaccine protection are
subtracted. In addition, we use µk to denote the reduced susceptibility in vaccinated individuals for
the kth variant. Since vaccinations provide protection in two different ways - reducing transmissibility
and susceptibility, the latter of which is difficult to estimate, we use µk = 1 for most of the simulations
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and the effect of vaccination is achieved via reduced transmissibility. However, we have the flexibility
to adjust this value. The time dependent parameters ψk(t) and Ψk(t) in (2.1) and (2.2) represents the
proportion of non-vaccinated and vaccinated individuals, respectively, who recovered from variant k
become susceptible to re-infection again. These proportions are calculated as ψk(t) =

Ek
0(t−θk)
Rk(t) and

Ψk(t) =
Ēk

0(t−θ̄k)
Rk(t) where we take θk and θ̄k days according to best current evidence.

Following equations (2.1) and (2.2), we begin to describe the equations for an arbitrary variant k
from the set of all K variants. Importantly, the structure of the equations remains the same for all the
variants, with the only difference being potentially the parameter values. Therefore, the dependence
on k is suppressed below, but every parameter value may potentially depend on k. In [9, 28] one can
find detailed diagrams of the earlier versions of the model. The parameters are explained in Table 1
and parameter values used for our simulations are also provided in that same table. As before, we still
have three groups per equation that are not explicitly shown for brevity: c−community, h−healthcare,
and v−visitors. Equations (2.3) and (2.4) describe the dynamics for the compartment E0 (resp. Ē0 for
vaccinated) representing individuals that just got infected. They are assumed to be asymptomatic on
the first day of infection.

E0(t + 1) = (1 − e−λ(t))S (t) (2.3)
Ē0(t + 1) = (1 − e−λ(t))µV(t) (2.4)

The rest of the dynamics for asymptomatic and symptomatic individuals is linear and we use matrix
notation to describe it. Let Q(t) = (E1, · · · , E13, I0, · · · , I4)T , with Qq(t), Q̄(t), Q̄q(t) the corresponding
vectors for quarantined/isolated and vaccinated populations. We have

Q(t + 1) =



1 − p0

0
...

p0

0
...

0


(1 − qa,0)E0(t) + MQ(t) (2.5)

where

M = A
⊕

B, A =


01×12 0

D 012×1

s s13

 ,
⊕

being the matrix direct sum, with D = Diag[(1−pi)(1−qa,i)]i=1,12,

s = (si)T
i=1,12, si = pi(1 − qa,i), for i = 1, . . . , 13, and

B =


1 − qs,0 0 0 0 0

0 1 − qs,1 (1 − r2)(1 − qs,2) 0 0
0 0 r2(1 − qs,2) (1 − r1)(1 − qs,3) 0
0 0 0 r2(1 − qs,3) (1 − r1)(1 − qs,4)

 (2.6)
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For the isolated symptomatic and quarantined asymptomatic, we have

Qq(t + 1) =



1 − p0

0
...

p0

0
...

0


(qa,0E0(t) + Eq,0(t)) + Mq1Q(t) + Mq2Qq(t) (2.7)

Mq1 = Aq
⊕

Bq, Aq =


01×12 0
Dq 012×1

sq sq,13

 with Dq = Diag[(1 − pi)qa,i]i=1,12, sq = (sq,i)T
i=1,12, sq,i = piqa,i and

Bq =


qs,0 0 0 0 0
0 qs,1 (1 − r2)qs,2 0 0
0 0 r2qs,2 (1 − r1)qs,3 0
0 0 0 r2qs,3 (1 − r1)qs,4

 (2.8)

and finally by construction we also have Mq2 = (A + Aq)
⊕

(B + Bq). For the vaccinated populations,
the dynamics are identical except for possible adjustment to the parameters pi and ri that will be written
p̄i and r̄i in the sequel. Note that asymptomatic individuals move daily through 14 days of illness unless
they develop symptoms or quarantine themselves. On the other hand, symptomatic individuals can stay
in some of the stages of the illness progressing for several days (the rate of progression is denoted by
r2). As mentioned earlier, the dynamics for the vaccinated populations are similar with the exception
of the parameter values representing the rates for asymptomatic individuals to become symptomatic,
i.e. pi coefficients depend on the vaccination status and are therefore represented by p̄i. In our model
the rate of isolation is assumed to be the same for both non-vaccinated and vaccinated populations, but
it could be generalized to account for a possibly different behavior. In Figure 3 we display a schematic
for the interaction between isolated and non-isolated symptomatic individuals.

Finally, Equation (2.9) expresses the dynamics of the recovered compartment:

R(t + 1) = (1 − ψ(t))R(t) + r1(I4(t) + Iq,4(t)) + r̄1(Ī4(t) + Īq,4(t)) + (r1 − r2)(I3(t) + Iq,3(t))
+ (r̄1 − r̄2)(Ī3(t) + Īq,3(t)) + (1 − p13)(E13(t) + Eq,13(t)) + (1 − p̄13)(Ē13(t) + Ēq,13(t)), (2.9)

where we assume that an individual can recover by staying asymptomatic for 14 days, or from stages
3 and 4 of the illness when having symptoms.

Next, we provide the expressions for the hazard rate, λ. Note that this rate is variant as well as group
dependent. First, we calculate the total population for our three groups, which are community, health
care workers and visitors, denoting these quantities by Nc,Nh, and Nv, respectively:

Nv(t) = S v(t) + Vv(t) +

K∑
k=1

(Ev(t) + Iv(t) + Rv(t)) (2.10)
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Figure 3. In the above diagram shows the flow in the I,Iq sub compartments. The
flow between sub-compartments for vaccinated population is the same with each sub-
compartment being replaced by it’s bar version, the rate from Īq,3 to Īq,4 being r3 instead
of r2 and the rate from Īq,3 to Recovered compartment being r1 − r3 instead of r1 − r2.

Nh(t) = S h(t) + Vh(t) +

K∑
k=1

(Eh(t) + Ih(t) + Rh(t)) (2.11)

Nc(t) = S c(t) + Vc(t) +

K∑
k=1

(Ec(t) + Ic(t) + Rc(t)) + ρhNh(t) + ρvNv(t) (2.12)

where ρh, ρv represent the mixing ratios between the different groups.
Now we use the above quantities to normalize the hazard rates. We note again that there are three

hazard rates for each value of k, and the dependence on k is suppressed for convenience:

λc(t) = β̃
[
Zc(t) + ωZ̄c(t) +

∑
α∈{h,v}

ρα(Zα(t) + ωZ̄α(t))
]
/Nc (2.13)

where β̃ = β(1 − pmp(1 − pme))Ωvaccpassffactor, Zα = Iα(t) + εEα(t) + γ((1 − ν)Iα,q + εEα,q), and the
coefficients are described in Table 1 and Table 2.

Similarly we have the hazard rates for the healthcare workers and the visitors:

λh(t) = ρhλc + β̃
[
Zh(t) + ωZ̄h(t)]

]
/Nh (2.14)

λv(t) = ρvλc + β̃
[
Zv(t) + ωZ̄v(t)]

]
/Nv (2.15)
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Certain quantities used in our simulations are not governed by separate dynamics. Rather, they are
computed as closed form expressions involving other quantities. In particular, two important estimates
obtained from the model are the number of active hospitalizations and the number of new daily
infections. The former is calculated by summing up specific fractions of the sizes of compartments
I3, I4, Iq,3, and Iq,4, essentially regarding the corresponding sub-populations as individuals who have
progressed to severe stages of the disease. These fractions, often referred to as hospitalization rates,
vary throughout the course of the pandemic and across the counties. The values used in the model are
given in Tables 5 and 9, where the rate of hospitalization for the population in stage four is twice the
rate of hospitalization for the population in stage three. The daily number for active hospitalizations is
computed as:

Hosp(t) =

K∑
k=1

(σ1H3 + σ2H4) (2.16)

where Hi =
∑
α∈{c,h,v}

(
Iα,i + Īα,i + Iα,q,i + Īα,q,i

)
, and σ1, σ2 are the hospitalization rates.

The number of daily new infections is calculated using the following formula:

Ni(t) =

K∑
k=1

(
NiI + NiE + (1 − r)qs,13I13 + (1 − r)qs,13 Ī13

)
(2.17)

where NiI =
∑
α∈{c,h,v}

(∑i=12
i=0

(
qs,i(Ii + Īi)

))
and NiE =

∑
α∈{c,h,v}

(∑i=12
i=0

(
qa,i(Ei + Ēi

))
.

2.2. Parameters and assumptions

In Tables 1 and 2 we provide explanation for the values for the parameters used in the model and
the values we used for the simulations.

3. Controlled geographic location - Hawaiian archipelago

In this paper we focus on the islands in the Hawaiian archipelago. It consists of eight islands, of
which seven are inhabited. The state of Hawai‘i is divided into five counties: Honolulu, Hawai‘i, Maui,
Kaua‘i and Kalawao, of which the last has an extremely small population. Therefore, we model the
first four counties with assumed populations shown in Table 3 that account for over ninety-nine percent
of the state’s population. The geographically closed borders and uniform mitigation measures make
the Hawaiian islands a controlled environment, interesting for study. To read more about the unique
history of disease in the state of Hawai‘i, see [24].

When studying an island chain like Hawai‘i, an important factor to consider, which is not applicable
to the other 49 States, stems from the state’s ability to partially control individuals’ movements in and
out of the islands. Relatively quickly after the first confirmed case, the state perceived an urgent need
to adopt and implement effective mitigation strategies in order to control the spread of the disease
and eventually to bring it to a halt. First, in order to stop the influx of new SARS-CoV-2 infections
into the state by travelers, a 14 day quarantine for all travelers was put in place on March 26, 2020,
and was extended to inter-island travel on April 1, 2020. A former daily average of 30,000 tourist
arrivals was reduced to only about one hundred. The traveling restrictions were relaxed on October
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Table 1. Parameters intrinsic to COVID-19 [6, 7, 23, 30, 31]**: This is due to the fact
that by December 2020 all healthcare workers were vaccinated and we assume they behave
like community members then. Note that some parameters depend on geographic location,
demographics and other variables. They can therefore not all be found in the literature and
some were estimated specifically for Hawai‘i using our model fit.

Parameter, meaning Value
β, basal transmission rates optimized to fit data

Factors modifying transmission rate
ε, asymptomatic transmission (25%
reduction in transmission)

0.75 (could be variant dependent)

ρh, reduced healthcare worker
interactions

0.8, until December 2020 and then
1.0**

ρv, reduced visitor interactions 0.5
γ, quarantine and isolation (80%
reduction in transmission)

0.2

κ, hospital precautions 0.5
η, healthcare worker precautions 0.2375
Population fractions (assumed constant but could potentially be variant dependant)
pi, i =0,. . . ,13, rate of onset of
symptoms after day i

0.000792, 0.00198, 0.1056, 0.198,
0.2376, 0.0858, 0.0528, 0.0462,
0.0396, 0.0264, 0.0198, 0.0198,
0.0198, 0

qs,i, i =0,. . . ,4, rate of symptomatic
isolation after day/stage i

C: 0.1, 0.4, 0.8, 0.9, 0.99;
H: 0.2, 0.5, 0.9, 0.98, 0.99

qa,i, i =0,. . . ,13, rate of asymptomatic
quarantine after day/stage i

0.0, 0.0, 0.0, 0.0, 0.0, 0.05, 0.05
0.05, 0.0, 0.0, 0.0,0.0, 0.0, 0.0

r1, r̄1, rate of recovery for
unvaccinated and vaccinated
population

0.2

r2, r̄2, rate of transition to severe stage
of infection for unvaccinated and
vaccinated

0.085

θk, delay for possibility of re-infection
for kth variant

210 days

ν, reduced transmission of
symptomatic hospitalized individuals

0.11

15, 2020 with the introduction of the safe travel program, which allowed individuals with a negative
test from an approved partner taken within 72 hours of arrival to skip the 14 day quarantine. The
role of travelers is critical in the modeling, as they are the only means of new viral spread within the
closed populations. Furthermore, the ratio of travelers to residing residents varies greatly between
the islands, potentially leading to significant differences in the outcomes, a fact which needs to be
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Table 2. Parameters intrinsic to vaccination used in our simulations [32, 33, 41]. Note that
some parameters depend on geographic location, demographics and other variables. They
can therefore not all be found in the literature and some were estimated specifically for
Hawai‘i using our model fit.
*: This simplification was made because the reduction in susceptibility is difficult to estimate
and the protection provided by vaccine is achieved through other parameters.
**: The choice of the value 0.6 for the parameter ζ is based on the estimate that, at the time of
introduction of vaccine fading in the model, about 40% of individuals in Hawai‘i who were
fully vaccinated had also received the (first) booster dose. This leaves 60% of the vaccinated
individuals vulnerable to losing their immunity due to vaccine fading effects. In addition, we
assume the same distribution for booster dose as we had observed for vaccination.

Parameter, meaning Value
Factors modifying transmission rate

ω, reduced transmissibility due to
vaccination

0.20 before Omicron and 0.24
afterwards

µk, reduced susceptibility for kth

variant
1 *

p̄i , i = 0, 1, ...13, probability of onset
of symptoms after day i (after
vaccination)

0.000492, 0.001080, 0.002056,
0.0415, 0.002376, 0.000858,
0.000528, 0.000302, 0.00019,
0.00019, 0.00019, 0.00019,
0.00019, 0

Ωvaccpass, reduced susceptibility due to
Vaccine Passport

0.6 for duration of safe access
Oahu on Honolulu county only

f f actor, increased transmissibility for
variants

Varies by variant

ζ, vaccine fading factor 0.6**
θ, vaccine fading delay 180 days
NV , vaccinations received per day Varies by geographic location and

time, as shown in Figure 6

taken into account. As mentioned previously, we make a distinction between the returning residents,
who mix with the community as they enter the state, and tourists, who we refer to as visitors. We
refer the reader to [28] for a more precise schematic of how the incoming travelers are incorporated,
and to [9] for the data used to design the model. Finally, the Hawai’i safe travel program was ended
on March 25, 2022 for all counties. After this date, travel restrictions are removed from the model
and travelers are divided between vaccinated and unvaccinated compartments according to the U.S.
average. International travelers do still require vaccination to enter the U.S. but they form a relatively
small percentage of incoming travelers. Figure 4 displays the travelers input used for our model, it is
based on data from [40] and approximated by a piecewise constant function over two weeks intervals.
It can be observed that Maui County has the largest ratio of travelers versus residents while Honolulu
County has the smallest. The county of Kaua‘i had extremely low detected cases of infections until
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May 2020 and the model could not be applied before that date, that is why travelers are shown only for
May 2020 and beyond. It can be observed that in Spring 2022 the number of travelers for the County
of Kaua‘i significantly increased, which is mostly due to a return of tourists similar to pre-pandemic
levels.

Figure 4. Evolution of traveler arrival in the state of Hawai‘i as percentage of total population
per day over time for each county. The solid line represents a total travelers per day and the
dotted line represents the total visitors per day. The difference between the two are returning
residents.

In Figure 5 we show a timeline of the pandemic in Hawai‘i up until January 2022, displaying
the main milestones and mitigation measures taken. It can be observed that during the first year of
the pandemic many public policies put in place underwent significant changes, making it somewhat
difficult for the state to properly implement such policies, and quite challenging for the population to
adequately abide by them. For the time period we focus on in this paper, there were some key changes
in mitigation strategies, but comparatively less than in the early stages of the pandemic. For example,
the indoor mask mandate ended on March 25, 2022 coinciding with the end of the safe travel program,
with Hawai‘i being the last of the 50 States to lift the restrictions. However, it is clear that a non-trivial
amount of masking remains, for instance, when riding public transit, or at UH Manoa, where teachers
are still required to wear masks while lecturing (at the time of writing this paper, masks mandates have
since been dropped).

The contained environment offered by the Islands of Hawai‘i is ideal for us to study the differences
in the impact of variants. More details can be found in [9]. Delta and Omicron mutations have
especially dominated in the state of Hawai‘i. The Delta variant B.1.617.2 was first identified in India
in December of 2020, but as of June 21, 2021 there were just 13 known cases in the state of Hawai‘i.
The Omicron variant B.1.1.529 was first identified nearly a year later in Botswana in November of
2021, and in Hawai‘i only about a month later. Notably the Omicron strain was more infectious but
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Figure 5. Hawai‘i’s Timeline of the COVID-19 pandemic for years 2020 and 2021.

with milder symptoms as compared to Delta.
For our simulations, parameter values are estimated from known data shown in Tables 1, 2 and

3, with the exception of the basal transmission rate, β, which is chosen numerically to minimize the
error between the model’s output and some true data values. In the earliest stages of the pandemic, the
data used for model fitting were the numbers for new daily cases (see [9] for the data used). Later on,
however, data availability and accuracy came under question due to at-home tests becoming readily
available as well as the slow down in data reporting, as the data that were previously reported each day
were now reported weekly. After this, the number of active hospitalizations was taken as a more useful
gauge of the model’s accuracy.

Table 3. Susceptible population for each county and first detected case [14,42,43]. Note that
we restricted Honolulu County to O‘ahu Island only.

Region S c(0) S h(0) Date for Ic,0(0) = 1

Honolulu 937,711 15000 March 6, 2020

Hawai‘i 201,513 1500 March 16, 2020

Maui 167,417 1500 March 15, 2020

Kaua‘i 72,143 150 April 15, 2021

4. Simulations for the counties of the state of Hawai‘i

In this paper we focus on the second phase of the pandemic, when vaccination was implemented
and we started seeing new variants spreading around the world. Simulations, results and discussions
for the Hawaiian Islands during the first phase of the pandemic, which we refer to as the period prior
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to vaccination, can be found in [7, 9, 28]. The model fit with respect to real data is discussed in those
papers as well. We focus here on the period from December 2020, when vaccines became available, to
April 2022. During this time period our model was used as a reference and resource by the Governor
Office, the Healthcare Association of Hawai‘i, and the hospitals. HiPAM had a heavy presence in news
media to communicate with the public the role of the model and simulations. Forecast reports were
generated to inform leaders involved in decision making, and educational videos were produced for
the public. All of the resources were distributed by HiPAM and are accessible on its website [18]. In
the next few sections we describe the results of the model fit and forecasts as they occurred during the
progression of the pandemic. To better highlight the effect of the vaccination on the spread of the virus
several initial figures show the pre-vaccination numbers along with the ones during the vaccination
period.

4.1. Vaccination implementation starting in December 2020

The Hawai‘i Department of Health (DOH) started COVID-19 vaccinations on December 15, 2020.
A state vaccination distribution plan was drafted and can be found on the website [16]. One year
later, by December 15, 2021, 2, 439, 075 COVID-19 vaccine doses had been administered in Hawai‘i.
DOH estimated then that 73.2% of the state’s population had received either two doses of the Pfizer
or Moderna vaccine or one shot of the Johnson & Johnson vaccine. Figure 6 shows the input function
NV(t) used for our model. It is approximated based on real data and was adjusted every time a
significant change in vaccination rates was detected. A higher rate of vaccination can be observed
until about May 2021, i.e. for the first 5 months of the campaign, with all counties plateauing now.
It is interesting to see that Kaua‘i county was initially the most aggressive in its vaccination program
to then start plateauing earlier than the other counties, with a very small vaccination increase since
August 2021. Our model fit for daily cases is represented in Figures 7, 8 and 9 for the counties of

Figure 6. Vaccine Input function NV(t) from December 27, 2020 to August 31. Vaccinations
as of September 3, 2022 are Hawai‘i: 69%, Maui: 71%, Kaua‘i: 73% and Honolulu: 80%.

Honolulu, Hawai‘i and Maui. Cases were too small in the County of Kaua‘i and the model could not
be run for that time period. The period is limited from March 6, 2020 (first case detected in Hawai‘i)
to June 30, 2021 before the appearance of the new Delta variant. The red rectangles represent the
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basal transmission rate β, the changes correspond to the actual non-pharmaceutical mitigation taken
in the different counties such as lockdown, mask mandate, safe travel, etc. Other parameters are fixed
and were not used to optimize the fit. No new variant with significant difference in transmission was
introduced until the Alpha variant B.1.1.7. in April 2021, so we assume f f actor = 1 from March 6,
2020 to March 30, 2021 and f f actor = 1.3 from April 1, 2021 to account for the appearance of the
Alpha variant B.1.1.7 in the Islands (we use 1.3 instead of 1.5 since infections were a combination of
the original variant and the Alpha one). There is then a gradual change of f f actor from May 15, 2021
to July 8, 2021 to account for the appearance of the Delta variant, see Section 4.2 for more details. We
compute the discrete L2 distance to measure the error of the model fit compared to the DOH reported
data for the three counties, see Table 4. The real data and the model fit are both normalized using
the maximal value of the detected daily cases (it can be found in the captions of Figures 7 to 9). As
expected, the error is quite reduced when comparing to the 7-day average since compartmental models
average the behavior of the population groups. It is not surprising to see that the best fit is for Honolulu
county since it has the largest population and number of reported daily cases. Hawai‘i and Maui
counties have larger errors, which is due to more drastic relative variation in reported daily cases than
for the Honolulu County.

Table 4. L2 distance to measure the error of the model fit with respect to real data.

County L2 distance between model fit and
actual data

L2 distance between model fit and 7 day
average of actual data

Honolulu 0.284 0.191

Hawai‘i 0.319 0.223

Maui 0.334 0.230

It can be observed on Figure 7 that Honolulu had its largest surge and number of reported cases
during August 2020, which prompted the State to reintroduce a lockdown (for all counties). The
introduction of the safe travel program on October 15, 2020 generated a new surge that was flattened
with the start of the vaccination program in the state in December 2020. Maui followed a different
trajectory which can be attributed to a slower rate of vaccination and a larger increase in travelers
when compared to the other counties, see Figures 6 and 4, respectively. The largest transmission rate
occurred for all three counties during the initial surge in March, which was countered rapidly with
a severe lockdown. In June 2021, the spread of the virus seemed to be under control in the state of
Hawai‘i, which resulted in some relaxation of mitigation measures as the vaccines prevented the surge
in infections. Unfortunately, the Delta variant B.1.617.2, which has disrupted this trend, was already
detected, although in a small number of cases.
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Figure 7. Honolulu County fit. The orange dots are the daily cases reported by the DOH, and
the green line corresponds to the model fit with corresponding β’s in red. The largest value
for detected cases was 330 individuals on August 12, 2020. Black vertical lines correspond to
adjustment of β (due to mitigation measures or change in people’s behavior) and blue vertical
lines correspond to changes in f f actor.

Figure 8. Hawai‘i County fit. The orange dots are the daily cases reported by the DOH, and
the green line corresponds to the model fit with corresponding β’s in red.The largest value
for detected cases was 66 individuals on May 28, 2021. Black vertical lines correspond to
adjustment of β (due to mitigation measures or change in people’s behavior) and blue vertical
lines correspond to changes in f f actor.

4.2. Delta variant B.1.617.2

Mutations started to be a real cause for concern with the appearance of a new variant called Delta
Variant B.1.617.2. Daily cases increased rapidly, doubling in the U.S. as of July 13, 2021 compared
to June 23, 2021. The first available variant report by the DOH in the state of Hawai‘i was on June 9,
2021, and they have been released about every 2 weeks since [15]. On June 19, 2021 the DOH reported
that from a pool of specimens from positive samples analyzed by genomic sequencing 19% were the
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Figure 9. Maui County fit. The orange dots are the daily cases reported by the DOH, and
the green line corresponds to the model fit with corresponding β’s in red.The largest value
for detected cases was 63 individuals on March 16, 2021.

Delta Variant B.1.617.2, with this number growing to 55% on July 3, 2021 and then to 74% on July 31,
2021. In Mid-July all variant cases were observed to have been declining over the prior three months,
except for the Delta variant whose numbers were increasing. Delta was completely dominant in the
state of Hawai‘i as of August 14, 2021. Bar graphs representing the changes in variant distribution
among analyzed samples can be found in [15]. Since early summer of 2020 was the beginning of the
largest surge in Honolulu County experienced between the beginning of the pandemic and June 2021,
on July 29, 2021 our team produced a report comparing the new daily infections between the periods
of June-July 2020 and June-July 2021, see Figure 10. It can be observed that cases were slightly above
in 2021, but most importantly, the growth was much more pronounced in July, suggesting an alarming
trend. Because in general the spread of a disease follows an exponential growth and decay, it might be
very difficult to assess the beginning of a new surge and the gravity of it.

Figure 10. Daily New Cases in 2020 vs. 2021. The dot are the reported data by the DOH
while the curves represent the model fit during the dates in year 2020 and year 2021.
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Based on data from various sources, B.1.617.2 is estimated in our model to be about 50% more
transmissible than the Alpha variant B.1.1.7. At the time of the appearance of Delta B.1.617.2 the
model was not designed for competing variants, therefore another approach was taken to implement
the transition from the original Alpha variant to the Delta mutation. We used the model described in
Section 2 with a single variant, i.e. K = 1, but varying f f actor over a seven weeks period from May
15,2021 to July 8, 2021 going up from 1.3 to 2.2 (about 1.52 more transmissible than the original
variant). Delta became dominant rapidly, the ramping up of f f actor accounts for the mixing of variants
during a few week period.

The first simulations were designed to demonstrate the impact of vaccination on flattening the curve.
It is illustrated in Figure 11 for Honolulu County and showed that to avoid an increase to more than
200 detected daily new cases, the percentage of the vaccinated population in the county would need
to reach 80%. For each curve we assume that vaccination is stopped completely once the levels reach
65%, 70% and 80% respectively. Such simulations were used as educational messaging for the public
to encourage vaccination. Important is also the observation that for about a month of the early stage
of the surge the dynamics of the new daily cases is identical in all three scenarios, despite a very
different outcome for a longer forecast. This could result in actions being taken too late. The black
dots in Figure 11 represent the actual data collected afterwards. It can be seen that while at first they
are above the forecast, they start trending down starting in early September. This was due to newly
imposed mitigation measures rather than reaching the goal of 80% vaccination level, since the actual
vaccination level was at around 65%. So, the blue curve in Figure 11 shows the projection for the daily
cases without the new mitigation measures. It highlights the fact that flattening of the curve can occur
through various actions.

Figure 11. Scenarios for different vaccination level. The blue curve assumes 65% of the
Honolulu county vaccinated on July 18, 2021, orange curve assumes reaching 70% on August
20, 2021 and the green one (scenario 3) reaching 80% on September 18, 2021. The light
green shaded area corresponds to the fractions of detected daily cases predicted by the model
in scenario 3 for vaccinated individuals while the dark shaded area is for unvaccinated. The
orange dots represent the data that was available at the time of forecasting and the black dots
are the actual data that became available since then.
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On August 15, 2021 our team provided a forecast of new daily cases assuming that the percentage
of the vaccinated population will stay constant after reaching the levels shown in the Figure 11 as 65%,
70% and 80%, and no new mitigation measures were to be implemented, see Figure 12. The forecast
was 3,614 on September 25 for new daily cases and largely above the critical threshold of about 400
active hospitalizations for Honolulu County, after which the health system would get overwhelmed
and would not function normally. The forecast was shared with the government and media outlets,
and newspaper articles starting raising the alarm, see e.g. [20]. As a result, mitigation measures
were promptly imposed. In particular, Honolulu County announced a four-week suspension of all
large gatherings to begin August 25, 2021, restricting events to 25 people outdoors and 10 indoors.
On September 13, this was followed by the safe access program, which required all employees,
contractors, and volunteers of businesses, such as restaurants, bars, gyms, and movie theaters to show
proof of full vaccination against COVID-19 or a negative COVID-19 test result each week, in order to
operate. Fortunately, these measures proved effective in making the model prediction an over-estimate,
as people’s adjusted behaviors acted as feedback and cases started trending downward to eventually
stabilize in October 2021.

The two week lag between active hospitalizations and new daily cases can be clearly observed
from the figures. Hospitalization parameters used for this forecast is the first line of Table 5 for the
entire duration, since the later adjustments were made after the fact. Despite successfully flattening
the curve for new daily cases, hospitalization numbers were still alarmingly high and additional
measures were necessary. For example, the state had to tap into its emergency ventilator stockpile [17],
began canceling elective surgeries, and had to divert patients with emergency health needs to other
hospitals [21, 22].

Figures 13 to 16 display the evolution of the spread of the virus during the Delta period, July 1, 2021
to October 15, 2021. In Table 5, the hospitalization parameters are provided. It can be seen that model
hospitalization rates for symptomatic individuals in stages 3 and 4 of the disease, (σ1, σ2), decreased,
mostly noticeably for Honolulu County, which is a consequence of the fact that Honolulu had a high
number of cases and vaccinated individuals would stay asymptomatic or would have only very mild
symptoms.

Table 5. Hospitalization rates(σ1, σ2) for four counties.

Dates (2021) Honolulu(σ1, σ2) Hawai‘i(σ1, σ2) Maui(σ1, σ2) Kaua‘i(σ1, σ2)
July 8-Aug 15 (9%,18%) (4.5%,9%) (4.5%,9%) (4.5%,9%)
Aug 16-Sep 1 ramp down (4.5%,9%) ramp down ramp down
Sep 2-Sep 15 (7%,14%) (4.5%,9%) ramp down (2%,4%)
Sep 16-Oct 1 ramp down (4.5%,9%) (4%,8%) (2%,4%)
Oct 2-Nov 1 (5%,10%) (4.5%,9%) (4%,8%) (2%,4%)

As can be seen in Figure 13, Honolulu County had a surge that peaked around the end of August
and was followed by a steady decline down to under 200 reported daily cases by mid-October. It can be
observed that the fit for active hospitalizations was quite accurate. Since those data do not depend on
testing there is less fluctuations for Honolulu county which has the largest numbers of all counties. The
day with the largest number of active hospitalizations was in early September. The distances between
the model fit and the reported data, both for new daily cases and active hospitalizations, as well as
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Figure 12. Top plot is projected daily cases if no mitigation measures were taken and
bottom plot is corresponding projected active hospitalization. The light green shaded region
represents the vaccinated population and the dark shaded represents the unvaccinated. The
orange dots represent the actual cases as was available at the time of projection and the black
dots represent the daily cases that were reported since then. Highest value for hospitalization
is forecast to be 2743 on October 6 and for new infections is forecast to be 3614 on September
25.

between the model fit and the corresponding 7 day averages of the data, are shown in Table 6, where
the data is normalized by the max values indicated in the caption of Figure 13 - Figure 16.

The spread of the disease for the same time period for the other counties can be seen in Figures
14, 15 and 16. All counties display the same trend as Honolulu County, a peak at the end of August
followed by a decline until mid-October. The relative decrease in basal transmission β due to mitigation
and adjustment of public behavior was 36% for Honolulu, 56% for Hawai‘i and 48%, 49% for Maui
and Kaua‘i, respectively. It can be seen that the model fit for active hospitalization is not very good
for Kaua‘i, the model providing values above the reported data by the DOH. This might come from
the fact that Kaua‘i has a very limited health care capabilities (very few ventilators for instance) and
individuals might be flown to other facilities in Honolulu.
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Figure 13. Honolulu County. Top plot is new daily cases and bottom plot is active
hospitalization. The peak for reported DOH cases was 687 on August 24 and 389 on
September 4 for active hospitalization.

Figure 14. Hawai‘i county. New daily cases (top) and active hospitalizations (bottom) for
the period July-October 2021. The peak for reported DOH cases was 187 on August 24 and
61 on August 27 active hospitalizations.
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Table 6. L2 distance to measure the error of the model fit with respect to real data - Delta
Period.

County L2 distance between model fit
and actual data (ni, hosp)

L2 distance between model fit and 7
day average of actual data(ni, hosp)

Honolulu 0.373, 0.286 0.276, 0.167
Hawai‘i 0.404, 0.373 0.159, 0.244
Maui 0.368, 0.497 0.222, 0.424
Kaua‘i 1.355, 3.364 1.292, 3.354

Figure 15. Maui County. New daily cases (top) and active hospitalizations (bottom) for the
period July-October 2021. The peak for reported DOH cases was 133 on August 31 and 40
on August 25 for active hospitalization.

Figure 17 shows the count of new daily cases under the current vaccination rates but without the
appearance of the Delta mutation. The green curve is the actual model fit for the reported data from
the DOH, whereas the blue curve is a projection of new daily cases that would have occurred if the
transmission would have been kept as the one of the Alpha variant i.e. no Delta variant. It is clear that
the vaccination would have then been enough to flatten the curve and avoid a surge.

4.3. Omicron variant B.1.1.529

The B.1.1.529 variant, Omicron, was first reported to WHO from South Africa on November 24,
2021. The first known case of this more contagious variant was confirmed in the state of Hawai‘i
on December 5, 2021. Based on estimates from the literature [4, 38], we assume that the original
Omicron strain BA.1 is 2.4 times more transmissible than the Delta variant B.1.617.2 (more than 5
times transmissible than the original strain). Omicron’s subvariant BA.2 was detected shortly after
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Figure 16. Kaua‘i County. New daily cases (top) and active hospitalizations (bottom) for the
period July-October 2021. The peak for reported DOH cases was 66 on August 31 and for
active hospitalization was 8 on September 11.

Figure 17. The green curve shows the actual fit with the Delta variant and the blue curve
shows the hypothetical scenario for summer 2021 corresponding to not having the Delta
variant.

and is assumed to be 1.5 times more transmissible than the original Omicron strain BA.1 (about 8
times more transmissible than the original Covid-19 strain). As the Omicron variant appeared in the
state of Hawai‘i the model was updated to include multiple variants, as described in Section 2. In this
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section we present the chronological order in which the modeling was used to assess the situation as
the Omicron variant was spreading in the state of Hawai‘i and to provide forecasts as a resource to the
Government and the media. We highlight only the most important HiPAM reports and their results,
other reports can be found on the HiPAM website [18].

HiPAM report of December 7, 2021. This was the first report incorporating the Omicron variant. It
showed that Honolulu was plateauing and not decreasing despite the safe access program in place and
the Honolulu County vaccination level increasing to 75%, as of December 2021, from about 60% back
in June 20, 2021. This illustrated that the county was displaying a significantly higher transmission of
the virus among individuals. The other counties did not have yet confirmed detection of variant BA.1,
but the corresponding data also required an increase in the transmission rate to optimize the fit. Figure
18 (from that report) represents the total number of infected symptomatic individuals (summing all I
compartments in the model) versus the total number of infected asymptomatic individuals (summing
all E compartments in the model) for Honolulu County. Each loop represents a different phase of the
pandemic: Mar 22, 2020 - June 1, 2020 (Black), June 2,2020 - Oct 23, 2020 (Blue), Oct 24, 2020 - Mar
3, 2021 (Green), Mar 4, 2021 - June 25, 2021(Yellow), June 26, 2021 - Nov 14, 2021 (Red) and most
importantly we could see the birth of a new loop starting around Nov 15, 2021 (Purple), that turned
out to be the beginning of the Omicron surge. Note that prior to the Delta variant there were about
5 asymptomatic infections for every symptomatic infection, while during the Delta period there were
16-17 asymptomatic individuals for every symptomatic individual, a ratio which continued during the
Omicron phase. This is likely a consequence of the vaccination preventing symptoms.

Figure 18. Total Symptomatic versus Total Asymptomatic. Bottom plot is a zoom to show
the beginning of a new loop (Omicron). It can be seen two different slopes for the loops, one
prior to Delta variant and one after likely due to the fact that vaccination increased the rate
of asymptomatic cases versus symptomatic ones.
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HiPAM report of December 19, 2021. This report introduced for the first time cones of uncertainties
in our forecasts, which was motivated by uncertainties about the increase in transmission with the
Omicron mutation versus the prior ones, uncertainties of the exact impact of vaccines and new
mutations on hospitalization rates, as well as uncertainties due to rapid changes in people’s behavior
in response to the number of reported daily cases by the DOH. The Forecast from our model estimated
that on January 2, 2022 we would have 4,422 new daily cases in Honolulu County with an uncertainty
bracket of [2,235;9,604] (large due to the exponential nature of the phenomenon). The forecast
assumed a constant vaccination rate based on the latest data as well as a slight change in people’s
behavior due to the holidays but it does not assume any change in mitigation measures.

HiPAM report of December 26, 2021. The model included the Omicron variant for all counties,
since it was then officially detected everywhere. Honolulu County was forecast to be on a similar
trajectory as predicted on December 19, while the forecast for new daily cases on January 2, 2022
was at 279, 305 and 144 for Hawai‘i, Maui and Kaua‘i counties, respectively. On January 4, 2022,
the DOH dashboard reported a 7 day-average of 2,061 for Honolulu County, 263 for Hawai‘i County,
352 for Maui County and 130 for Kaua‘i County. Note that Honolulu County had shortages of testing
capabilities during the holidays and on January 4, 2022 the new daily cases in Honolulu were reported
as 3,447 and 3,886 on January 11, 2022. The predictions of the model proved to be extremely accurate
despite all uncertainties around the Omicron mutation at that stage of the pandemic. Our forecasts
predicted ahead of time the peak of the Omicron surge to be around the second (Honolulu) and third
(Hawai‘i, Maui and Kaua‘i) week of January 2022 which turned out to be quite accurate as well.
Importantly, the forecast highlighted that, based on early information about the Omicron mutation and
estimates for the state of Hawai‘i hospitalizations would not see a surge as it was the case in July of
2021 despite the higher new daily cases.

HiPAM report of February 17, 2021. The report highlighted that both new daily cases and
hospitalizations were on a downward trend and forecast that the rapid initial decrease was starting
to taper off. Continuous assessment was needed however due to the emergence of Omicron BA.2.
Additionally, an increased use of at home testing may have resulted in decreased official DOH COVID-
19 case counts. The simulations at the time showed that hospitalizations rates we changing gradually.
We suspect it is due to the fact that early in the Omicron surge a part hospitalizations were still caused
by the Delta variant. Then, as the Omicron variants became dominant hospitalization rates fell to lower
levels.

HiPAM report of April 12, 2021. In Figures 19 to 22 we display the reported data from the DOH
as well as the model fit from November 1, 2021 to April 30, 2022, both for new daily cases and
for hospitalizations. The model included two co-existence variants, BA.1 and BA.2 (both dominant
starting mid-December 2021 over any prior variant), vaccine fading, and renewed susceptibility for
individuals with prior infection due to waning immunity after some period. Note that the cones
of uncertainty are provided in those figures. The Omicron surge did coincide with limited testing
capabilities as well as the introduction of at-home testing (COVID Test At-Home Testing Challenge
provided 125,000 O’ahu residents who live in eligible ZIP codes with eight rapid antigen tests as a pilot
program and it was then implemented in the state for everyone in mid-January 2022). As a result, many
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positives cases were not reported to the DOH, which created a biased assessment of the situation. For
this reason, we used hospitalizations as a benchmark for our fit. It can be seen on the figures that the
model fits hospitalizations well while it is overshooting the DOH reported daily cases. We do believe
that because of the under-count of daily cases due to the testing issues, our model provides a better
representation of what was the actual situation. Table 7 provide the L2 distance between our model fit
and reported data.

Figure 19. Honolulu County. New daily cases (top) and active hospitalizations (bottom)
for the period November 2021-April 2022. The peak for reported DOH cases was 3,884 on
January 11, 2022 and for active hospitalization was 307 on January 24, 2022. The green
curve is the optimized fit. The red and blue curve are the worst and the best estimates giving
a cone of uncertainty for the forecasts. The red (blue) curve assumes a variant transmission
rate that is higher (lower) by 0.1 and parameter r2 that is higher(lower) by 0.05. The dotted
vertical lines represent the dates at which the transmission rate is adjusted. The red rectangles
show the optimized transmission rates for the corresponding duration.
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Figure 20. Hawai‘i County. New daily cases (top) and active hospitalizations (bottom)
for the period November 2021-April 2022. The peak for reported DOH cases was 582 on
January 12, 2022 and for active hospitalization was 46 on January 17, 2022. See Figure 19
for a description of the various curves.

Figure 21. Maui County. New daily cases (top) and active hospitalizations (bottom) for the
period November 2021-April 2022. The peak for reported DOH cases was 895 on January
11, 2022 and for active hospitalization was 56 on January 28, 2022. See Figure 19 for a
description of the various curves.
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Figure 22. Kaua‘i County. New daily cases (top) and active hospitalizations (bottom) for the
period November 2021-April 2022. The peak for reported DOH cases was 436 on January
12, 2022 and for active hospitalization was 17 on February 2, 2022. See Figure 19 for a
description of the various curves.

Table 7. L2 distance to measure the error of the model fit with respect to real data - Omicron
Period.

County L2 distance between model fit
and actual data (ni,hosp)

L2 distance between model fit and 7
day average of actual data(ni,hosp)

Honolulu (0.337,0.284) (0.326,0.284)
Hawai‘i (0.445,0.356) (0.436,0.333)
Maui (0.379,0.395) (0.325,0.365)
Kaua‘i (0.428,0.486) (0.480,0.486)

Figure 23 illustrates the fact that the delay between the curves for new daily cases and active
hospitalization evolved during the pandemic by showing active hospitalization versus new daily
infections. The flatter slope of the loop for the Omicron indicates that less infected individuals were
getting hospitalized as compared to prior variants. We also ran estimates on actual data, which showed
that the delay between new daily cases and hospitalizations was about 14 days at the beginning of the
pandemic and got shortened to about 9 days with the Omicron phase.
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Figure 23. Plot to show differences in ratio of hospitalizations versus new daily cases for
various surges.

Table 8. This Table highlights the major assumptions for the model. *: infections for the
new mutations were introduces as a mix of asymptomatic and symptomatic cases in the multi-
variants model. The dates in introduction of the new variants were determine to optimize the
fit.

Omicron BA.1 f f actor = 5.28

Omicron BA.2 f f actor = 7.92

ω 0.24 (more breakthrough cases with Omicron)

Vaccine Fading Introduced from Dec 1, 2021 as explained in Section 2 (one year after first shot was
implemented, second shot over summer).

Re-susceptibility to
infection

As explained in Section 2 it follows the rate of infection with a delay of six months.
Re-susceptibility is starting in our model on February 15, 2022. Cases before the Delta
surge were small and we neglect them for re-infection.

Masks Masks Mandate has been removed from the model on March 26, 2022 following the
State’s rules.

Safe Travel Safe Travel program has been removed on March 25, 2022. Travelers are then
assumed to be incoming with a percentage of infection identical to the US average.

Safe Access Safe Access has been removed in Honolulu County on March 6, 2022 and in Maui
County on February 21, 2022 following each county’s rule.

Honolulu Omicron BA.1 cases were added in the model November 13, 2021 and Omicron BA.2
cases on December 20, 2021.*

Hawai‘i Omicron BA.1 cases were added in the model December 2, 2021 and Omicron BA.2
cases on December 20, 2021.*

Maui Omicron BA.1 cases were added in the model December 2, 2021 and Omicron BA.2
cases on December 27, 2021.*

Kaua‘i Omicron BA.1 cases were added in the model December 5, 2021 and Omicron BA.2
cases on December 27, 2021.*
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Table 8 summarizes our parameter assumptions. The introduction of the new mutations in the multi-
variant model requires some careful thinking. Introducing a single case of a new variant will not allow
for its spreading. Instead, we used the variant reports to introduce cases in various compartments of
our model to fit the reported data, and the date of introduction of the variant was used to optimize the
fit. Adjustments in people’s behavior due to the Holidays and gatherings were also taken into account.
Table 9 provides the hospitalization rates for the period from November 1, 2021 to April 30, 2022.

Table 9. Hospitalization rates(σ1, σ2) for four counties.

Dates Honolulu(σ1, σ2) Hawai‘i(σ1, σ2) Maui(σ1, σ2) Kaua‘i
(σ1, σ2)

(5%,10%) (4.5%,9%) (4%,8%) (2%,4%)
Nov 12 - Dec 15 (5%,10%) ramp down (4%,8%) (2%,4%)
Dec 16 - Jan 9 (5%,10%) ramp down ramp down (2%,4%)
Jan 10 - Feb 9 (5%,10%) ramp down (5.25%,2.625%) ramp down
Feb 10 - Mar 19 (4.5%,2.25%) ramp down (5.25%,2.625%) ramp down
Feb 20 - Mar 1 (4.5%,2.25%) ramp down (5.25%,2.625%) (1.5%,0.75%)
Mar 2 - Apr 1 (4.5%,2.25%) (1.5%,0.75%) (5.25%,2.625%) (1.5%,0.75%)

5. Discussion

In this paper, using our discrete generalized SEIR model tailored specifically to the state of Hawai‘i,
we illustrated the evolution of the pandemic within an island chain environment that did not completely
close its borders to travelers, as opposed to many other island nations. As a result, the new infectious
SARS-CoV-2 virus and its follow-up mutations spread among the population. Two important phases
are described in detail: the Delta and the Omicron surges.

Phase 1: During the Spring of 2021, COVID-19 variant cases declined in Hawai‘i, except
for the Delta variant. The optimized transmission rate β in the model multiplied by the variant
transmissibility f f actor was roughly double what it was a year earlier, with cases climbing rapidly
despite vaccinations. Forecasting predicted about 3,000 known cases along with 16,000 asymptomatic
infections in Honolulu County by October 2021. However, due to these predictions, mitigation
measures were put in place, including social distancing, restrictions on gathering numbers, and reduced
travel. Honolulu implemented the safe access program on September 13, requiring all employees of
businesses, such as restaurants, gyms, and similar establishments to show proof of vaccination or a
negative test result each week. Ultimately 3,000 cases per day in Honolulu County was not reached at
that time and the model prediction was defeated thanks to the mitigation measures.

Phase 2: After plateauing for a couple of months, model estimates at the start of December indicated
that we could be at the early part of a surge caused by the recent Omicron variant. The forecasts
predicted a similar course as for Delta, with new daily cases exceeding 3,000 by February 2022. While
the safe access program was still in place during the surge of the Omicron variant, other mitigation
measures, such as restricting gathering size, and social distancing, started to relax. At the same, time
the model estimated a smaller surge in active hospitalizations. As a result, no restrictions in mitigation
measures were taken and daily new cases exploded following the models predictions. However, the
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impact on bars, restaurant industry and the tourism sector in general was much less pronounced during
the Omicron surge, which slowed-down further damages to Hawai‘i’s economy.

Figures 24a and 24b summarize the evolution of new daily cases and hospitalization for the first two
years of the pandemic, including the two phases described above. Both sets of data are normalized by
the largest magnitude in their timeline, so the fact that the curve for the daily new cases is significantly
wider in early 2022 shows just how dramatic the spike in numbers was for Omicron as compared to
Delta. However, the surges in active hospitalizations are quite comparable, with Delta occurring first
between August and October of 2021. Figure 24c shows cumulative deaths.

In addition to providing a good fit to reported data from the DOH, our model has proven to be
well aligned with the CDC findings reported in [1] on April 26, 2022. Indeed, the CDC stated that
estimated 58% of Americans have been infected with SARS-CoV-2. For the state of Hawai‘i, our
model estimated that on April 15, 2022 about 62% of Honolulu County population was infected, 61%
for Hawai‘i County and 59% for Maui County. As shown with the estimates for the total number
of infections, the structure of the model allows for estimations of quantities that cannot be directly
measured, such as the daily number of asymptomatic infected individuals. Table 10 provides some of
those numbers for all four counties.

Table 10. Cumulative numbers that cannot be inferred from reported data by the DOH. They
span the beginning of the pandemic to April 30, 2022.

County Cumulative Number
of Infections (both
Symptomatic and
Asymptomatic)

Cumulative Number of
Infected Asymptomatic
Individuals

Cumulative Number of
Vaccinated Individuals
(at least 2 doses) that
have been Infected

Honolulu 625,607 426,387 413,746
Hawai‘i 124,703 84,185 79,079
Maui 101,511 64,605 57,237
Kaua‘i 65,092 46,726 33,190

After April 30, 2022 reported daily cases by the DOH for all counties showed a slight upward
trend, followed quickly by plateauing, and as of September 2022, a downward trend. BA.5 and BA.4
variants, considered to be especially efficient spreaders of the disease, were first detected by experts in
early 2022 and confirmed to be in all four major counties of Hawai‘i in June 2022, but their impact is
unclear for several reasons, including people not testing, or testing and not reporting, as well as DOH
limiting access to data. Indeed, at the end of Spring 2022 the DOH stopped reporting numbers daily
and then later stopped reporting active hospitalizations per counties. The limitations of data made it
impossible for us to understand how the model was performing after that point.

Overall, this paper shows that a model which is well calibrated to the specifics of a geographically
isolated environment can be a useful tool in assessing the spread of one or many competing viral
pathogens. Moreover, it demonstrates that the initial choice of a reasonably flexible model structure
allows one to start with a simpler model and gradually evolve it along with the pandemic.
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(a) Average Daily New Cases (b) Average Active Hospitalizations

(c) Total Death for Hawai‘i

Figure 24. Two years of DOH data, separated into the 4 counties.
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