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Abstract

The present paper proposes a novel methodology for evaluating the impact of a vaccination plan
against a transmissible disease. The methodology has two distinct stages. The initial stage com-
prises a compartmental model that describes the transmission of the disease within the population.
This model is composed of fundamental parts representing the vaccination status and is used in
this initial stage to estimate the number of cases and deaths averted by the vaccination plan. The
case dynamics generated by the compartmental model serve as the input for a data-driven model
in the second part of the methodology. The second model is statistical in nature and provides ad-
ditional information regarding the number of hospitalizations and ICU admissions averted. This
methodology is applied to assess the impact of booster doses of the SARS-CoV-2 vaccines in Chile,
resulting in an estimation of 84% (95% con�dence interval (CI): 74% - 92%) of cases, 73% (95%
CI: 57%, 80%) of hospital admissions, 77% (95% CI: 61%, 84%) of intensive care unit admissions,
and 78% (95% CI: 62%-85%) of deaths averted between August 16 and December 31, 2021.

Keywords: SARS-CoV-2, booster vaccination, averted cases and outcomes, compartmental
model, data-driven model, vaccination e�ectiveness.

1. Introduction

Mathematical models have been widely used in epidemiology to study the dynamics of infec-
tious diseases, project future patterns of disease transmission, and develop and implement control
strategies to prevent and mitigate outbreaks [1, 2]. However, these models may be limited by issues
with parameter identi�cation, case speci�city, and robustness [1]. Mathematical models have been
widely used during the COVID-19 pandemic to address speci�c questions, such as the rationaliza-
tion of pandemic interventions and mitigation policies. The questions have changed according to
the stage of the pandemic. Initially, it was crucial to determine the origin and when the outbreak
started, to assess the potential for regional transmission, and to identify the risk of spread to other
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locations. As the epidemic advanced, the focus shifted toward nonpharmacological interventions,
disease lethality, the capacity of hospitals to accommodate patients, the e�ectiveness of vaccines
and the estimation of avoided events. [3, 4, 5].

Many types of models have been used, such as ARIMA statistical models, machine learning
and deep learning [6, 7, 8, 9], and models based on neural networks [10]. However, these types of
models do not provide information regarding the transmission mechanism or its implications for
disease control. Other widely used models include compartmental models, which simulate disease
transmission within a population by dividing it into distinct compartments. Several variations of
susceptible-exposed-infectious-removed (SEIR) compartmental models have been used to explore
important features of the transmission dynamics of the COVID-19 epidemic. These include phase-
based transmission [11], transmission latency [12], the role of superspreaders [13], underreporting
[14], asymptomatic transmission, social distancing, quarantine, the need for hospitalization, [15,
16, 11, 17, 18, 19] and even subjective sensations such as fear of disease and perceptions of risk
[20, 21].

Chile has actively employed mathematical models to address the challenges posed by COVID-
19. Some examples include models for intensive care unit (ICU) admissions [22], the SEIR model
for the evolution of the epidemic at the local level [4, 23], cubic polynomial adjustment and
exponential adjustment to represent the daily e�ort to reduce the initial daily growth rate to warn
about the potential of the pandemic [24], health system collapse studies [25], models of sigmoid
growth [4, 26], and SIR- and SEIR-type compartmental models for the forecast of the second
COVID-19 outbreak and for the study of the reliability of the parameters [27, 28].

Since the beginning of the pandemic until August 2024, Chile has reported more than 53,000
COVID-19-related deaths [29]. The initial measures implemented by the Chilean government in-
cluded nonpharmaceutical interventions such as lockdowns and curfews [30]. With the emergence
of vaccines against SARS-CoV-2, Chile distinguished itself by the rapidity and extensive reach of
its vaccination campaign [31], as well as its early introduction of booster doses in early August
2021. This context motivated the assessment of the impact of the vaccination campaign. To
perform this evaluation, in this work, we describe a novel compartmental schema to model the
transmission of the SARS-CoV-2 virus, taking into account the vaccination plan. In our model, we
di�erentiate between the various stages of vaccination, including the primary scheme and booster
phase. Following the approach outlined in [11], we utilize the output of this model to estimate
additional quantities not included in the compartmental model, such as hospital and ICU ad-
missions. The objective of this study was to estimate the number of averted cases, hospital and
ICU admissions, and deaths as a result of booster doses administered in Chile between August 16
and December 31, 2021. Furthermore, the methodology that we introduce can be generalized to
evaluate a vaccination campaign against other transmissible diseases.

The structure of this paper is as follows. Section 2 presents the methodology employed, which
includes a novel compartment model. Section 3 presents the results of the case study, namely, an
evaluation of the booster vaccine against the SARS-CoV-2 virus in Chile. Section 4 presents a
discussion of the results, and Section 5 presents the conclusions.
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2. Methodology

This section describes the methodology employed to assess the impact of booster doses of
SARS-CoV-2 vaccines on a speci�ed population. In particular, this methodology allows for the
estimation of the number of cases, deaths, hospitalizations, and ICU admissions averted as a result
of the administration of booster doses.

The procedure is based on two models. The �rst is a compartmental model that represents
the transmission of the disease in the population and is used to estimate the number of cases.
The second is a statistical model that uses the number of cases to estimate the number of deaths,
hospitalizations, and ICU admissions caused by SARS-CoV-2. A comprehensive description of
both models is provided in the following sections.

2.1. Compartmental Model

We developed a deterministic compartmental model with homogeneous mixing, structured
by vaccination status, to characterize the spread of SARS-CoV-2 in a given population. The
population is divided into three fundamental groups on the basis of their vaccination status: (i) not
vaccinated or partially vaccinated, (ii) fully vaccinated, and (iii) fully vaccinated with an additional
booster dose. Susceptibility to infection and infectiousness upon infection depend directly on
vaccination status. Furthermore, we assume that the population is isolated and constant, and we
do not di�erentiate between the di�erent circulating variants of the virus. This division of the
population was chosen in light of the impact of vaccination on the dynamics of the disease. This
is di�erent from the existing models in the literature [11, 17].

Each fundamental group of the population is divided into 6 compartments (Figure 1): suscep-
tible (S), asymptomatic infected (Ia), symptomatic infected (Is), asymptomatic recovered (Ra),
symptomatic recovered (Rs) and deceased (D). To distinguish variables from the three funda-
mental groups (Figure 1), we add the subscripts N (not vaccinated or not fully vaccinated), V
(fully vaccinated) and B (vaccinated with booster). For example, the compartment denoted by
SV represents the susceptible population that received the primary vaccination schedule.

The fundamental groups are connected in a cascade structure that allows modeling of the
dynamics of the disease over a time horizon in which the immunity acquired by the vaccines
(primary and booster scheme) is relevant. For longer time horizons, one should consider replicating
the scheme of the three fundamental units (continuing with the cascade scheme) or considering
the whole population again in the �rst fundamental unit (unvaccinated population). The complete
model, which we call the base structure, has 18 compartments (6 for each group), as shown in
Figure 2, with the connections between the three fundamental groups corresponding to vaccination
actions.

We denote the transmission rates by βk
i for i ∈ {N, V,B} and k ∈ {a, s}, using a for asymp-

tomatic individuals and s for symptomatic individuals. For example, βa
N represents the trans-

mission rate after contact with a nonvaccinated, asymptomatic, infected person. The overall
transmission rate for the susceptible group Si with i ∈ {N, V,B} is Λi, which is de�ned as:

Λi(t) = (1− fi(t))

 ∑
j∈{N,V,B}

βa
i,jI

a
j (t) + (1− µ)βs

i,jI
s
j (t))

Si(t) i ∈ {N, V,B}. (1)
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Figure 1: Flow chart of one fundamental group in the model. The population is divided into susceptible (S),
asymptomatic infected (Ia), symptomatic infected (Is), asymptomatic recovered (Ra), symptomatic recovered (Rs)
and dead (D). Red arcs represent waning immunity after infection. Λ represent the transmission rates, ϕ represents
the probability of being asymptomatic, γk represents the recovery rates, δ represents the death rates, and qk

represents the rate of waning immunity.

In equation (1), the variable µ ∈ [0, 1] represents the proportion (assumed constant) of infected,
symptomatic individuals who are completely isolated.

We denote by fi(t) the vaccine e�ectiveness to reduce transmission, with fN(t) ≡ 0 for the
non-fully vaccinated group. eSN

(τ), eRa
N
(τ), eRs

N
(τ) ∈ [0, 1] represents the e�ectiveness for the

compartments (SN), (Ra
N) and (Rs

N), respectively, τ days after fully vaccinated, and vSN
(t), vRa

N
(t)

and vRs
N
(t) represent the vaccination rates for each compartment; then, the overall e�ectiveness fi

is modeled similarly to that in [17] by the following equation:

fV (t) =

∫ t−tV

0

(
eSN

(τ)vSN
(t− τ) + eRa

N
(τ)vRa

N
(t− τ) + eRs

N
(τ)vRs

N
(t− τ)

)
dτ∫ t−tV

0

vSi
(s) + vRa

i
(s) + vRs

i
(s)ds

t ≥ tV , (2)

Importantly, the e�ect of vaccination on recovered individuals may di�er from its e�ect on sus-
ceptible individuals. This is the reason why di�erent e�ectiveness functions are used for di�erent
compartments. The same formula is employed to compute the overall e�cacy of a booster dose,
represented by fB(t). Instead of using the information on fully vaccinated persons, = the booster
e�cacy in combination with the number of booster doses administered is used. The main inno-
vation of this study, compared with the literature, lies in our approach to modeling the temporal
evolution of vaccine e�ectiveness.

Finally, we describe the remaining parameters of the model:

� Recovery rates: We denote γk
i , where i ∈ {N, V,B} and k ∈ {a, s} are the recovery rates

of infected individuals who are in the fundamental group i and could be symptomatic (s) or
asymptomatic (a). A natural assumption is that recovery should be quicker for vaccinated
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Figure 2: Base structure with 3 fundamental groups and 18 compartments in total. The population in each funda-
mental group is divided into susceptible (Si), asymptomatic infected (Iai ), symptomatic infected (Isi ), asymptomatic
recovered (Ra

i ), symptomatic recovered (Rs
i ) and dead (Di) categories. The green arcs indicate vaccination actions,

at the rate vki , that link the three group, and the red arcs correspond to waning immunity. Λi represents the trans-
mission rates, ϕi represents the probability of being asymptomatic, γk

i represents the recovery rates, δi represents
the death rates, and qki represents the rate of waning immunity for each fundamental part i ∈ {N,V,B}.

people (as reported, for example, in [32]), leading to the following inequalities:

γk
N ≤ γk

V ≤ γk
B k ∈ {a, s}.

� Death rates: We denote δi, where i ∈ {N, V,B} represents the death rates in the infected
population in the fundamental group i. Once again, assuming that vaccination reduces
mortality (as the evidence shows in [33, 34, 35, 36]), we have the inequalities

δB ≤ δV ≤ δN .

� Rate of waning immunity: The rate of waning immunity for a recovered individual is
denoted by qki , where i ∈ {N, V,B} and k ∈ {a, s}.

� Probability of being asymptomatic: The probability of a susceptible individual belong-
ing to the fundamental part i ∈ {N, V,B} being asymptomatic after infection is denoted by
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ϕi ∈ [0, 1]. These probabilities should ful�ll

ϕN ≤ ϕV ≤ ϕB,

because the probability of being asymptomatic should increase as vaccination advances, as
shown in [37, 38, 39].

The compartmental model is de�ned by the following set of di�erential equations:
Fundamental group (N), nonvaccinated:

ṠN(t) = −ΛN(t) + qaNR
a
N(t) + qsNR

a
N(t)− vSN

(t)

İaN(t) = ϕNΛN(t)− γa
NI

a
N(t)

İsN(t) = (1− ϕN)ΛN(t)− (γs
N + δN)I

s
N(t)

Ṙa
N(t) = γa

NI
a
N(t)− qaNR

a
N(t)− vRa

N
(t)

Ṙs
N(t) = γs

NI
s
N(t)− qsNR

s
N(t)− vRs

N
(t)

ḊN(t) = δNI
s
N(t);

Fundamental group (V ), vaccinated without booster:

ṠV (t) = −ΛV (t) + qaVR
a
V (t) + qsVR

a
V (t) + v̂N(t)− vSV

(t)

İaV (t) = ϕVΛV (t)− γa
V I

a
V (t)

İsV (t) = (1− ϕV )ΛV (t)− (γs
V + δV )I

s
V (t)

Ṙa
V (t) = γa

V I
a
V (t)− qaVR

a
V (t)− vRa

V
(t)

Ṙs
V (t) = γs

V I
s
V (t)− qsVR

s
V (t)− vRs

V
(t)

ḊV (t) = δV I
s
V (t);

Fundamental group (B), vaccinated with booster:

ṠB(t) = −ΛB(t) + qaBR
a
B(t) + qsBR

a
B(t) + v̂V (t)

İaB(t) = ϕBΛB(t)− γa
BI

a
B(t)

İsB(t) = (1− ϕB)ΛB(t)− (γs
B + δB)I

s
B(t)

Ṙa
B(t) = γa

BI
a
B(t)− qaBR

a
B(t)

Ṙs
B(t) = γs

BI
s
B(t)− qsBR

s
B(t)

ḊB(t) = δBI
s
B(t).

2.2. Data-driven model for outcomes

We adapted a data-driven model from [11] to estimate the daily number of COVID-19-related
hospital admissions, ICU admissions, and deaths from the daily number of COVID-19 cases (Figure
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3). We assumed that the daily number of each outcome O(t) (hospital admissions, ICU admissions
or deaths) is given by a negative binomial distribution NB of mean o(t) and dispersion ϕ:

O(t) ∼ NB (o(t), ϕ) .

The mean o(t), which is speci�c to each type of outcome, is calculated on the basis of the daily
number of cases n(t), an exponential distribution of mean 1/λ denoted T , representing the delay
between the onset of cases and the occurrence of the outcome, and the case outcome rate COR,
i.e., the probability that the outcome occurs upon a case is denoted as follows:

o(t) =
t∑

k=0

n(k)COR(k)T (t− k). (3)

The case outcome rate COR(t) changes following the implementation of booster vaccination in the
population, as described by the following equation:

COR(t) = (1− p(t))COR0 + p(t)COR0RR,

where p(t) is the proportion of the vaccinated population with a booster on day t, COR0 is the
case outcome rate without booster vaccination, and RR is the relative risk of an outcome occurring
given that a person vaccinated with a booster is a positive COVID-19 case.

2.3. Procedure to compute averted outcomes

To calculate the number of outcomes avoided, we proceeded as follows:

1. Calibrate the parameters of the compartment, using the three fundamental groups, for the
study period.

2. Calibrate the data-driven model for the study period.
3. Set vSv = vRa

v
= vRs

v
= 0 and then run the compartment model over the speci�ed study

period using the calibrated parameters. This approach guarantees that no �ux is applied
from the second to the third fundamental compartment; in other words, the e�ects of the
booster dose are excluded from the simulation. The simulation provides an estimation of
the number of infected individuals in the hypothetical case in which any booster dose was
applied.

4. Incorporate the estimated number of infected individuals into the calibrated data-driven
model to project outcomes under the scenario where no booster dose was administered, as
shown in Figure 3.

5. Finally, the adverted cases are computed using the estimations from both the models and
the real data.

Importantly, the calibrations of the compartment and data-driven models are completely in-
dependent, and steps 1 and 2 can be performed in parallel. The calibration of the compartment
model can be performed using historic information from a subset of compartments. For example,
in the study case presented in the following section, we utilize information from reported cases and
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Figure 3: Representative diagram of input-output model interactions with the compartmental model.

deaths to calibrate the model. In contrast, the calibration of the data-driven model necessitates
the incorporation of historical information pertaining to each estimated outcome.

This methodology allows the evaluation of di�erent degrees of isolation of symptomatic infected
people and di�erent evolutions of vaccine e�ectiveness over time, including variations in the ability
to transmit the virus and the probabilities of acquiring it, being symptomatic and dying.

The same methodology can be employed to assess the impact of any vaccination program
against any transmissible disease. The essential aspect is to execute the compartmental model
after calibration, deactivating the fundamental component associated with the vaccination state.
This entails eliminating any �ux within the compartment model to any compartment in this state.

3. Case Study: Averted outcomes with a COVID-19 booster dose in Chile

We apply our methodology to estimate the number of outcomes averted by the COVID-19
booster dose in Chile during the period from August 16 to December 31, 2021. The calibration
was performed using the No-U-Turn Sampler (NUTS), a variant of the Markov Chain Monte
Carlo (MCMC) method, implemented in Stan [40] via the Python package PyStan. The number
of iterations was set to 200, and the number of warmups was set to 100.

3.1. Data description

The data used for calibration are those reported by the Chilean Ministry of Health and were
downloaded from https://observa.minciencia.gob.cl/datos-abiertos/datos-del-repositorio-covid-19
(last consulted November 2024). From the onset of the pandemic until the end of the study period
(December 31, 2021), the Chilean Ministry of Health reported 1,806,494 detected infections, 39,115
deaths, 46,830 ICU admissions and 169,723 hospital admissions (Figure 4).

As of September 1, 2021, approximately 13,710,836 individuals (70.4% of the Chilean popu-
lation) had completed their primary vaccination scheme, and 1,616,970 individuals (8.3%) had
received their booster dose. By December 31, 2021, these numbers had increased to 16,545,952
(85%) for the primary vaccination and 11,032,441 (56.5%) for the booster. Figure 5 presents the
evolution of booster vaccination in the Chilean population during this period. The four main
vaccines used in Chile before 2022 were CoronaVac, BNT162b2 (P�zer), ChAdOx1 (AstraZeneca)
and Ad5-nCoV (CanSino).

3.2. Compartmental model calibration

To account for �uctuations in the transmission rate over time, driven by the emergence of new
variants and changes in the implementation of nonpharmaceutical interventions (e.g., lockdowns,
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Figure 4: COVID-19 epidemic in Chile in 2021. (Left panel) Cumulative number of COVID-19 cases. (Right panel)
Cumulative number of COVID-19-related hospitalizations (blue line), intensive care unit (ICU) admissions (orange
line), and deaths (green line).

curfews, etc.), we divided the calibration process into �ve distinct periods to re�ect these dynamic
changes.

� The initial period is de�ned as the interval between December 1, 2020, and February 28,
2021. During this period, the vaccines were administered to a limited number of individuals;
therefore, only the �rst fundamental group (N) was taken into account.

� The second period, spanning from March 1, 2021, to April 15, 2021, and the third period,
spanning from April 16, 2021, to August 15, 2021, marked the commencement of a massive
vaccination campaign in Chile. Consequently, during these periods, the situation is repre-
sented solely by the two initial fundamental units of the compartment model, namely, N and
V . The division of the period between March 1 and August 15, 2021, into two subperiods
was a response to a change in the behavior of virus transmission.

� The fourth period spans from August 16, 2021, to September 30, 2021, and the �fth period
spans from October 1, 2021, to December 31, 2021. During this period, there was widespread
administration of booster to the population. In terms of the compartment model, this signi�es
that the three fundamental units N , V and B should be considered when studying virus
transmission.

Considering the aforementioned periods, the parameters utilized in the compartmental model can
be classi�ed into three distinct categories.

Constant parameters: The values of these parameters remain constant throughout the pe-
riods in which they are utilized. These values have been predetermined by the authors as a result
of their modeling decisions. The parameters that fall within this category are as follows:

� The probability of being asymptomatic has been estimated in the literature with di�erent
values. On the basis of [41], we set ϕN equal to 0.3. Vaccination increases the proportion of
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Figure 5: Vaccination campaign in Chile in 2021. Cumulative number of individuals fully vaccinated (black line),
and vaccinated with a booster (yellow line).

individuals experiencing asymptomatic or mild symptoms [38]. Accordingly, we set ϕV and
ϕB equal to 0.7 [42, 38].

� The proportion of symptomatic infected individuals adhering to complete isolation was �xed
at µ = 0.7. This parameter was selected after three possible scenarios were analyzed. The
chosen value best re�ected the country's actual conditions during the study period, aligning
with both observed population behavior patterns and government mandates.

� The rate of waning immunity is �xed at qki = 1/480 days−1, ∀i ∈ {N, V,B} and k ∈ {a, s}
[43].

Parameters that are calibrated once:Each parameter γk
i and δi was calibrated only during

its initial inclusion in the calibration procedure. For the subsequent calibration periods, these
parameters were �xed at the average of those values obtained during the initial calibration.

Parameters that are calibrated each time they are used: These correspond to the
transmission rates βk

i . The parameters signi�cantly change with respect to the prevailing strain
and the government's restrictions on population interactions. Five calibration periods were used
instead of three to account for the variability of this rate.

Speci�c consideration is given to the e�ectiveness of vaccines fi(t). It is evident that fN = 0.
For fV and fB, we need to know the individual e�cacies ei(t). These functions are calculated on the
basis of the e�cacy of each vaccine at the time of their administration. On the basis of references
[44, 45], we employ piecewise linear interpolation to estimate the decline in vaccine e�ectiveness
during the pandemic, which is summarized in the left image of Figure 6. Although four vaccine
brands were available in Chile during this period, namely, P�zer, AstraZeneca, CoronaVac and
CanSino, given that the CanSino vaccine was been administered to only 1% of the population,
this vaccine has not been considered in our analysis, and its e�ciency has been set to that of
P�zer, assuming an optimistic scenario with respect to this 1%. In our model, we use the same
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Figure 6: Vaccine e�ectiveness. On the left, the e�ectiveness over time in days e(t) is shown, and on the right, the
e�ectiveness over the transmission rate f(t) is shown.

e�cacies for each group and for vaccine brands . Thus, if we denote vi and ei, i ∈ Brands =
{P�zer,AstraZeneca,CoronaVac,CanSino} (one index for each brand), the number of vaccinated
and the e�ectiveness for the vaccine of type i, the formula (2) is reduced to formula (4).

fV (t) =

∫ t−tV

0

( ∑
i∈Brands

ei(τ)vi(t− τ)

)
dτ∫ t−tV

0

∑
i∈Brands

vi(s)ds

t ≥ tV , (4)

Assuming that the e�ectiveness ei(t) is the same for full vaccination and for the booster, the
two curves fV (t) and fB(t) are obtained, as illustrated in the right image of Figure 6.

Importantly, the vaccination rates corresponding to the primary administration and to the
booster dose in Chile are not directly observable for each group because both susceptible persons
and individuals who contracted the virus and recovered were vaccinated. The rates that are
observable are the vaccination rate corresponding to the complete primary scheme, which we
denote vN(t), and the vaccination rate corresponding to the booster dose, which is denoted by
vV (t). Therefore, it follows that:

vi(t) = vSi
(t) + vRa

i
(t) + vRa

i
(t) i ∈ N, V

We further assume that the number of vaccines, either with the primary vaccination or with
the booster dose, both for susceptible and recovered, is administered proportionally to the number
of individuals in those compartments; then, we assume that

vεi(t) = vi(t)

(
εi(t)

Si(t) +Ra
i (t) +Rs

i (t)

)
εi ∈ {Si, R

a
i , R

s
i}, i ∈ N, V
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Finally, the objective of the calibration process is to adjust the model to align with the reported
curve of infected and deceased individuals by the Chilean Ministry of Health. Since this information
is not disaggregated, the curves for infected and dead individuals used to �t the data are as follows:

I(t) =
∑

i∈{N,V,B}

∑
k∈{a,s}

Iki (t), D(t) =
∑

i∈{N,V,B}

Di(t) (5)

Additionally, the possibility of underreporting of infected cases was considered. This underre-
porting represents a constant factor in the reported infected individuals and was also calibrated.

Figure 7 shows the curves I(t) and D(t), which were derived from the calibrations of the �nal
two periods. These periods coincide with the application of the booster. The �gure demonstrates
a satisfactory alignment between the theoretical curves and the actual data.

Figure 7: Case and death data (black) compared with the calibration data (red) between August 15, 2021, and
December 31, 2021, divided into two periods of calibration. The images on the left represent the period between
August 15, 2021, and September 30, 2021, and the images on the right represent the period between October 01,
2021, and December 31, 2021.
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Notation Description Value Source

βk
i Transmission rates [0.45,0.95] Fitted
µ Proportion of symptomatic individuals who are isolated 0.7 Modeling team

fi(t) Vaccine e�ectiveness against transmission Figure 6 [44, 45]
γk
i Recovery rates [0.12,0.32] Fitted
δi Death rates [0.0013, 0.0022] Fitted
qki Rate of waning immunity for a recovered individual 1/480 days−1 [43]

ϕi Probability of asymptomatic infection
0.3 for i = N

[42, 41]
0.7 for i ∈ {V,B}

Table 1: Compartmental model parameters. The subscript i denotes the type of vaccination status: non-fully
vaccinated (N), fully vaccinated (V ), and vaccinated with booster B. The superscript k indicates whether the
parameters is associated with the asymptomatic (a) or symptomatic (s) compartment. The interval represent the
range of values used in simulations.

3.3. Data-driven Model Calibration

To calibrate this model, daily cases are provided by the available data . To simulate scenarios
without a booster, daily cases are provided by the compartmental model. Similar to the compart-
mental model, the calibration was separated into two distinct periods, to be consistent with the
reality of the epidemic in the Chilean population.

� The �rst period was between March 1, 2021, and June 30, 2021, when the booster was not
yet available; thus, p(t) = 0 for all t in this period. Note that in this case, λ, COR0 and
ϕ are calibrated, and RR needs a period with booster vaccination. During this period, the
model receives cases on all days, and the outcomes occur between April 1, 2021, and June
30, 2021; this di�erence in the time periods is based on the delayed e�ect in expression (3).
The test period for the calibration was considered to be between July 1, 2021, and August
30, 2021.

� The second period was between August 16, 2021, and December 31, 2021, and the same
starting point of booster vaccination was used as the compartmental model. During this
period, the outcomes occurred between October 2, 2021, and December 31, 2021, again as a
result of the delay e�ect. Given that λ, COR0 and ϕ were estimated in the previous period,
only RR was estimated.

The �rst period aims to �t reality in the absence of a booster, and the second aims to model
a situation with booster availability. Note that these periods are not identical to those of the
compartmental model. However, this is not a cause for concern, as the calibration processes are
entirely independent, and the selection of the periods was based on the optimal �tting results.

For every outcome, λ and ϕ were taken with a half-normal distribution, and COR0 was taken
with a uniform distribution in [0, 1]. The calibrated parameters for each outcome are shown in
Tables 2 and 3.

The calibration for the data-driven model in the �rst period, when there was no booster avail-
able, is shown in Figure 8. For this purpose, a training period, from April 1 to June 30, is given
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Parameter Hospitalization (95% CI) ICU admissions (95% CI) Death (95% CI)

1/λ [days] 8.02 (5.19, 10.94) 7.71 (4.73, 10.59) 27.04 (19.37, 35.06)
COR0 0.0898 (0.0862, 0.0932) 0.0291 (0.0278, 0.0303) 0.0246 (0.0229, 0.0266)

ϕ 29.66 (23.00, 35.92) 27.16 (21.36, 33.44) 25.17 (19.19, 31.22)

Table 2: Estimated parameters in the period without booster vaccination, with 95% con�dence interval.

Outcome Estimated RR (95% CI)

Hospitalization 1.3 (1.1, 1.5)
ICU admissions 1.9 (1.7, 2.1)

Death 2.3 (2.1, 2.5)

Table 3: Relative risk of an outcome given a positive COVID-19 case with booster vaccination, with 95% con�dence
interval.

for parameter calibration and then tested in the period from July 1 to September 30. Notably, the
calibration results are satisfactory because the curves estimated as the means follow a trend similar
to that of the observed data, and the 95% con�dence interval generated e�ectively encapsulates
the uncertainty that the data intrinsically have. This is not only observed in the training period
but also in the test period, which increases the robustness of the results.

Figure 8: Data-driven model calibration for a period with no booster vaccination.

3.4. Results

To assess the impact of the booster campaign, we �rst estimated the number of individuals
who would have been infected in the absence of the booster. This value is obtained from the com-
partmental model using the same parameters as those estimated during calibration and simulating
a scenario without a booster, i.e., employing only the fundamental parts N and V in the com-
partmental model. Thus, any �ow from the fundamental part V to B is eliminated. Similarly, we
estimate the number of averted deaths using two approaches: directly through the compartmental
model and indirectly based on case data via the data-driven model, as shown in Figure 9. The
numbers of averted hospitalizations and ICU admissions were computed from the compartmental
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Figure 9: Compartmental model: counterfactual scenario in the absence of the COVID-19 booster campaign in
Chile. Cumulative number of COVID-19 cases (left panel) and COVID-19 deaths (right panel): data (black dots),
calibrated model (red line), counterfactual scenario predicted by the compartmental model (blue line).

Figure 10: Data-driven model: counterfactual scenario without the COVID-19 booster campaign in Chile. Cumu-
lative number of COVID-19 hospitalizations (left panel), COVID-19 intensive care unit admissions (middle panel)
and COVID-19 deaths (right panel). The data are represented by black dots, the calibrated model by a red line,
and the counterfactual scenario predicted by the data-driven model by a blue line.

model with the data-driven model (Figure 9). The curve obtained for each outcome is illustrated
in Figure 10.

We de�ne the proportion of averted outcomes with the booster campaign as follows:

100 · outcome without booster− outcomes with booster
outcomes without booster

% (6)

The number of cases averted are shown in Table 4. Notably, the results demonstrate a signif-
icant reduction in both the infected and deceased cases, with an 80 % decrease attributed to the
booster campaign. Furthermore, the estimated number of deaths in each model is notably similar,
indicating a high degree of consistency in the results.
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Model Outcome Averted percentage (CI 95%) Averted quantity (CI 95%)

Compartmental
Cases 84% (74 % - 92 %) 525476 (285453 - 1227928)
Deaths 81 % (70 % - 91 %) 7097 (3895 - 17312)

Data-driven
Hospitalizations 73% (57%, 80%) 24813 (12098, 37466)
ICU admissions 77% (61%, 84%) 8573 (3983, 13129)

Deaths 78% (62%, 85%) 6686 (2961, 10400)

Table 4: The table show the percentage and quantity of cases averted as a result of the booster campaign as
estimated using the compartmental model.

4. Discussion

During the initial phase of the COVID-19 pandemic, many countries implemented mass vaccina-
tion campaigns, often complemented by nonpharmaceutical interventions (NPIs). In the European
Union, two main strategies emerged. The �rst involves the rapid increase in NPIs, which rely on
natural exposure and vaccination to achieve herd immunity, maintain a manageable incidence rate
and avoid overwhelming health care systems. The second strategy focused on gradually easing re-
strictions in parallel with vaccination progress, aiming to keep incidence rates low while supporting
e�orts with an e�cient test-trace-isolate program.

In 2021, Chile adopted an approach closer to the �rst strategy, emphasizing mass vaccination
with rapid and extensive coverage [46]. The vaccination campaign began with health care per-
sonnel and high-risk groups in December 2020, followed by the launch of mass vaccination for the
general population on February 3, 2021. During the analyzed period, the campaign utilized four
main vaccines: CoronaVac (Sinovac Life Sciences, 60.9%), BNT162b2 (P�zer-BioNTech, 29.6%),
ChAdOx1-S (AstraZeneca, 7.9%), and Recombinant Ad5.nCoV (CanSino Biologics Inc., 1.5%).
These vaccines exhibited varying levels of e�ectiveness against symptomatic cases, hospitaliza-
tions, ICU admissions, and COVID-19-related deaths. For example, Jara et al. [44] reported
that, among individuals with complete vaccination series, vaccine e�ectiveness was 65.9% (95%
CI: 65.2%-66.6%) for preventing COVID-19, 87.5% (95% CI: 86.7%-88.2%) for preventing hos-
pitalization, 90.3% (95% CI: 89.1%-91.4%) for preventing ICU admission, and 86.3% (95% CI:
84.5%-87.9%) for preventing COVID-19-related deaths.

To better understand and quantify the impact of these vaccination e�orts, we developed a new
model for the spread of infectious diseases. Our model incorporates both primary vaccination and
booster doses, as well as the evolution of vaccine e�cacy over time. Coupled with a statistical
framework that uses case numbers as input, this model estimates hospitalizations, ICU admissions,
and deaths, enabling us to quantify the number of these outcomes prevented due to vaccination
boosters.

We based our work on the model proposed by Giordano et al. (2021) [11], adapting it to include
critical factors such as booster administration and the time-dependent decline in vaccine e�cacy.
This approach is particularly relevant to the vaccination context in Chile, where the COVID-19
vaccination campaign employed a diverse range of vaccines with varying durations of protection.
Unlike existing studies [4, 23, 24, 25, 47, 48], our model accounts for the population's average
vaccine e�ectiveness, which is dynamically determined by the e�cacy trajectory following each
dose and the distribution of vaccines administered within the population.
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Our �ndings can be compared with those reported by Brault et al. (2024) [5]. In their study,
148,268 COVID-19 cases were estimated to have been avoided during the period analyzed (until
December 31, 2021). In contrast, our compartmental model estimates that a signi�cantly greater
number of cases was prevented - 525,476 (CI 285,453�1227,928). This discrepancy may be explained
by di�erences in methodology; while Brault et al. rely on di�erences in observed incidence rates,
our model explicitly incorporates vaccine impact on transmission dynamics. However, there is
notable agreement between the two studies in terms of the number of deaths averted. Brault et
al. estimated that 7,990 deaths were prevented by booster doses in the same period, a �gure that
is consistent with our model's predictions.

There are limitations in our study. Our model is a compartmental type that is based on the
assumption of a large population with a homogeneous mixture and provides predictions that are
averaged over the entire population; therefore, spatial heterogeneity is not taken into account.
We did not consider some possible confounding variables, such as comorbidities, socioeconomic
strata, testing rates, etc. On the other hand, nonpharmacological interventions, such as the use
of masks, mobility passes, social distancing, remote work and other measures whose in�uence on
di�erent outcomes cannot be quanti�ed, were also carried out during the vaccination campaign.
Furthermore, it is assumed that vaccines are e�ective regardless of the dominant variant, among
which, in 2021 in Chile, the γ variant (P.1), the Andean variant (λ; C.12) and the δ variant were
predominant. In this context, it has been proposed that some variants may escape vaccine-induced
immunity [49, 50], a�ecting the risk of reinfection by SARS-CoV-2 [51]. These limitations, however,
are common to the vast majority of compartment models [3].

5. Conclusion

Given that vaccines and variants impact the transmission dynamics of SARS-CoV-2, the de-
velopment of new models is crucial for forecasting epidemic scenarios and evaluating the impact of
implemented interventions. The methodology proposed in this paper demonstrates potential broad
applicability beyond the present case study, o�ering a robust framework for evaluating pharmaco-
logical interventions in future pandemic scenarios. This approach provides a systematic method
for assessing therapeutic e�ectiveness in rapidly evolving public health emergencies while being
adaptable to the dynamics of various infectious diseases. The framework encompasses multiple
critical variables, including multistage vaccination schemes, symptom manifestations, and vari-
ous severity outcomes, such as hospitalization, intensive care unit admission, and mortality. This
comprehensive approach enables rigorous evaluation of intervention e�ectiveness across di�erent
epidemiological contexts.
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