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ABSTRACT

The COVID-19 pandemic had a profound global impact, marked by high
morbidity and mortality rates. It also placed substantial strain on
epidemiological understanding, complicating efforts to measure the
pandemic's scale and speed of transmission, as well as the implementation
of mitigation and control strategies. Throughout the pandemic, key
epidemiological concepts—such as the basic reproductive number, serial
interval, incidence rate, fatality rate, and effective reproductive number—
came under intense scrutiny. New concepts, like incidence moments, were
even developed to better assess the scale of the outbreak and support
temporal forecasting.

In this analysis, we trace the chronological relationship between the
progression of the pandemic and the application of these key
epidemiological concepts. We briefly examine their historical
development, definitions, significance, interconnections, and how they
informed both non-pharmaceutical interventions and, later, pharmaceutical
measures with the introduction of vaccines. We show that the reproductive
number proved to be a particularly valuable tool, guiding the design of
epidemiological interventions and helping to define conditions for herd
immunity and the vaccination threshold. In contrast, crude case fatality rates
were often misleading, requiring adjustments to account for the time lag
between infection and death. While incidence rates and reproductive
numbers were essential for understanding disease burden and transmission
dynamics, they were unsufficent in forecast future case counts. The concept
of herd immunity was also critical, but its implications were frequently
misunderstood. It was necessary to clarify that reaching the herd immunity
threshold does not abruptly end an epidemic, and to highlight its
dependence on vaccination thresholds and vaccine effectiveness.
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Introduction

Since 2019, the COVID-19 pandemic has had a
significant impact on global populations, resulting in more
than 778 million cases and over 7 million deaths.!
Officially originating in Wuhan, China, on November 17,
20192, the virus first spread to Europe and then to the
rest of the world, with the World Health Organization
declaring it a pandemic on March 13, 2020." Countries
worldwide adopted various strategies to address the
pandemic. For instance, South Korea, China, Japan,
Taiwan, and Hong Kong implemented early public health
interventions, drawing from their previous experiences

with SARS in 2002-2003.2

China responded with early border closures, strict travel
restrictions, building sanitization, extensive testing, and a
significant increase in healthcare capacity.34 South Korea
adopted an aggressive mass screening strategy, testing
symptomatic individuals, contacts of confirmed cases, and
travelers, while also closing schools and recommending
remote work.5 Meanwhile, Hong Kong, Singapore, and
Japan used active surveillance systems to identify cases
and their contacts, developed diagnostic tests, and
expanded laboratory capacity. Germany focused on
testing symptomatic groups, implementing moderate
contact tracing, quarantines, and isolating symptomatic
individuals, while the United Kingdom emphasized strict
traceability. In contrast, the United States limited testing
to specific symptomatic groups and set up public testing
services without enforcing strict isolation or quarantine
measures in 2020 and 2021.7

Australia and New Zealand implemented early public
health measures, including effective communication, social
distancing, personal hygiene protocols, and expanded
healthcare coverage.® In response to the pandemic,
global efforts were made to develop COVID-19
vaccines, and by the end of 2020, three vaccines had
been authorized as safe and effective by the WHQ.?.10
Starting in  December 2020, agreements with
manufacturers  were  reached, emergency use
authorizations were granted, and vaccines began to be
administered on a large scale, initially prioritizing those
at higher risk of severe illness or death, in line with ethical
principles of justice and equity, as well as economic
considerations.11-14

By June 30, 2022, global vaccination coverage reached
66.9% of the population with at least one dose, though
only 19.6% of people in low-income countries had
received at least one dose.'> As vaccination campaigns
progressed, countries continued to confront the pandemic
by combining vaccination strategies with  non-
pharmacological interventions. For example, Europe
considered two approaches: one focused on rapidly
lifting restrictions, assuming that natural exposure and
vaccination would help achieve herd immunity and
prevent overwhelming healthcare systems; the other
aimed to gradually ease restrictions based on vaccination
progress, while maintaining low case numbers and
supporting an efficient test-trace-isolate (TTl) system.1¢-18

As the pandemic progressed, the SARS-CoV-2 virus
evolved, generating various lineages, variants, and sub-
variants beyond the original strain. Chronologically, these

include: a (B.1.1.7 and Q), B (B.1.35 and its descendants),
Y (P.1 and descendants), 6 (B.1.617.2 and descendants),
€ (B.1.43), n (B.1.52), 1 (B.1.53), k (B.1.617.1), Omicron
(B.1.1.529 and descendants), { (P.2), and J (B.1.621 and

B.1.621.1), with recombinant Omicron variants now being
the most prevalent.’?

During the course of the pandemic, numerous questions
and management challenges emerged, prompting a
reevaluation of various epidemiological concepts.
Initially, these inquiries focused on the virus's origin, its
reservoir, and the reservoir that facilitated its
amplification.2® However, as the disease spread within
the population, the focus shifted toward the scale and
management of the pandemic.

The objective of this analysis is to establish the
chronological relationship between the progression of the
pandemic and the application of key epidemiological
concepts. We briefly examine their historical
development, definitions, significance, interconnections,
and how they informed both non-pharmaceutical
interventions and, later, pharmaceutical measures with
the introduction of vaccines, during COVID-19 pandemic.

At the onset of the pandemic, the primary questions that
arose were about the transmissibility of the new virus and
its fatality rate. In response, various studies first turned
their attention to the concept of the basic reproductive
number (Ro).2".22

Basic reproductive number (Ro)

The concept of Ro originated in demography. The first
approximation of this concept can be traced back to
Richard Bockh in 1886, who, using life tables from the
1879 Berlin population, calculated what he called "die
totale Fortpflanzung der Bevélkerung" (the total
reproduction of the population).23 Bockh arrived at a
value of 1.06, which may be considered the first estimate
of Ro for a population. Today, in human demography, Ro
is defined as the average number of daughters produced
by each woman in a given generation.24

The concept was defined in its current form by Alfred
Lotka in 1925, who referred to it as “net fertility.”
However, he had been developing the idea based on a
series of works dating back to 1907. In 1911, he first

introduced it in writing:I >0 << jb(a) p(a)da>1
0

[Eq.1], here, b(a) represents the birth rate per individual
at age "a," and p(a) denotes the probability of survival

at that age. He referred to "r" as the "per capita rate of
natural increase” (or intrinsic rate of increase).24:25

In epidemiology, the first approximation of this concept
can be traced to the work of En'ko (1889), who had a
clear understanding of the population threshold for the
transmission of childhood diseases.24 However, a more
refined approximation emerged from Ronald Ross's work
on malaria, where he identified the key factors in malaria
transmission and calculated the number of new infections
as the product of these factors. Ross further advanced the
concept by determining the threshold number of
mosquitoes below which malaria cannot persist in the
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population, a principle known as the "Mosquito Theorem."
In recognition of his contributions to malaria research,
Ross was awarded the Nobel Prize in Medicine in 1902.
Ross, and later Ross with Hilda Hudson, focused more on
the concept of threshold mosquito density than on
reproductive potential, without establishing a direct link
to demography.26.27

Fascinated by the work of Ross and Hudson, Lotka wrote
an article titled "A Contribution to Quantitative
Epidemiology",28 in which he acknowledged the similarity
between the reproduction of a population and the
reproduction of a disease, stating:

2>0a K j p(s)c(s)ds >1[Eq.2]  here,  c(s)
0
represents infectivity at time s, and p(s) is the probability

that a newly infected individual remains infected at that
time.

XY

Later, in 1927, W.O. Kermack and A.G. McEndrick
established the definitive connection between the
threshold theorem (Mosquito Theorem) and Ro .29
Subsequently, G. Macdonald (1952) defined the
reproduction rate of malaria as "the number of infections
distributed in a community as a direct result of the
presence of an index case".30

In the later half of the 20th century, Bailey (1957)
compiled much of the information from mathematical
models in epidemiology,? while Dietz (1975)
reformulated the concept.3233 The classic works of Roy
Anderson and Robert May (1979) further integrated the
concept into modern epidemiological theory.34:35

For directly transmitted infectious diseases, Ro can be
deduced from compartmental models such as
Susceptible-Infected-Recovered (SIR). (Fig 1):

Figure 1.- Compartimental susceptible (X), infected (Y) recovered (Z) (SIR) model. 8, y and | represent the transmisibility, the recovery

rate and the mortality rate, respectively

dX_ Xy
dt B
ar _ XY + )Y
dt—ﬁ y+w
iz _
a7

[Eq.3], here X, Y, and Z represent the populations of
susceptible, infected, and recovered individuals,
respectively, 8 is the transmissibility, y is the recovery
rate, and W is the mortality rate.2? The necessary and
sufficient condition for the occurrence of cases is that:
dY/dt > 0. In other words, BXY — (y + ) > 0, which

leads to fX >y + 1 and )f:_—xu > 1 [Eq.4].

By defining the reproductive number (Ro) as the number
of secondary cases resulting from an index case, it
becomes clear that the condition for the existence of

cases is Ro > 1, which is equivalent to [Eq. 4]. In other
words, we can express: Ry = VBTX; [Eq.5]. A more formal

definition of Ro is the number of secondary cases
generated by a case during a generation time (its entire
infectious period, T). Furthermore, if we rearrange [Eq. 5],

we obtain: X > V;Tli = X * [Eq.6], This can be interpreted

as follows: "A minimum threshold of susceptibilities (X*) is
required for cases to occur." This is referred to as the
threshold theorem. Given that 6X represents the
reproductive potential of an infection and (1/(y+u))
represents the infectious life expectancy, it follows that Ro
is the product of the force of infection and the infectious
life expectancy.36

The concept of Ro helped guide and justify
epidemiological interventions during the COVID-19
pandemic. The primary epidemiological objective was to
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reduce Ro, which can be achieved by increasing the
recovery rate, y, typically through the development of an
effective treatment. However, this is not always
straightforward, as observed during the pandemic. As a
result, the main mitigation strategy focused on reducing
the transmission coefficient (8: transmissibility). This can be
broken down as: 8 = bP(I/C)P(C), where b is the contact
rate between individuals, P(C) is the probability of
infectious contact, and P(1/C) is the probability that an
infectious contact leads to an infection.37:38 In the case of
COVID-19, epidemiological interventions targeted one
or more of these three factors:

a. P(I1/C): use of masks, personal hygiene measures,
disinfectants such as alcohol gel, handwashing, and
vaccination.

b. b: mobility restrictions, disaggregation, and social
distancing.

c. P(C): contact tracing and isolation of infected
individuals and their contacts, school and university
closures, quarantines, sanitary cordons, and border
closures.

Estimating Ro is challenging because some of its
parameters are influenced by the characteristics of the
pathogen. The objective is to calculate Ro, if possible,
under the assumption that the entire population is
susceptible and that no mitigation or control measures
have been implemented—essentially, at the onset of an
epidemic. At this stage, the epidemic curve, before any
disruption caused by human intervention, reflects the
uncontrolled spread of the infection within the population.
A useful estimator is based on the initial quasi-
exponential increase in incidence, which enables the

Ai T bif
1) Py

da
following approximation: d—i =1t = Inl =1yt + ¢ [Eq

7], where | is the number of new infections, ry is the
intrinsic rate of increase of the infection, and ¢ is a
constant. By performing a regression analysis between In
I and time t, it is possible to determine the intrinsic growth
rate, represented by the slope of the regression line. This
rate, ryp, is related to Ro, but it is model-dependent. In its

simplest form, when infectivity is constant, Ro =1+ e

[Eq. 8], where T is the serial interval, defined as the
average time between the acquisition and transmission of
symptomatic disease. However, this calculation can be
challenging due to stochastic fluctuations, the rarity of
cases, and poor case registration at the onset of
epidemics. In the case of superinfectors—individuals
capable of infecting a large number of others in a single
event (such as when someone sneezes on a crowded
subway during peak hours)—a useful approximation is:

R, =1+r,c+ f(1— f)(l’o‘l')2 [Eq. 9], where f is the

ratio between the infectious period and the serial
interval. As we can see, the concept of the serial interval
is crucial. Generation time (T) is defined as the average
time between infections, and, as the term suggests, it is
equivalent fo the tfime between generations in population
dynamics. The challenge with infectious diseases is that it
is highly unlikely to pinpoint the exact moment when an
infection is acquired. However, the time at which an
individual becomes symptomatic can be observed.
Therefore, the serial interval is defined as the average
time between the acquisition and transmission of
symptomatic disease. If the latent and incubation periods
were constant, they would be equal; however, this is not
always the case (Fig. 2).

Primary case

Al

Secundary case

Primary case

2) :
Aj T
J Secundary case
T 3
bij
3) Ai - Primary case
T — Secundary case

Figure 2.- Contagion between two individuals: "i" (the primary case) and "[" (the secondary case). The black line represents the period
from when the individual was infected until the onset of symptoms, known as the incubation period (Ai and Aj). The red line corresponds
to the symptomatic period of the disease.The time from the start of contagion between individuals "i" and "[" is referred to as the
Generation Time (T), which defines the latency period (the time from infection until the individual becomes infectious). The serial

interval (1) is defined as the interval between the onset of symptoms in "i" and "[."There are three possible situations to consider

(Modified from Fine 2003).”!

1. If tis greater than the incubation period (Ai), then bij > 0.

2. If tis less than the incubation period (i.e., contagion occurs before the onset of symptoms), then bij < O.

3. The third, highly unlikely situation is when T is negative, meaning that the infected individual "j" develops symptoms before "i

does. This would imply that contagion occurred very early, before the onset of symptoms, and that individual "j" has an unusually

short incubation period.
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At the start of the pandemic, numerous studies attempted
to estimate Ry. A meta-analysis based on 42 studies
reported an average Ro of 2.87, with a 95% confidence
interval (Cl): (2.39-3.44).22 As the pandemic progressed
and new variants emerged, this value was recalculated
for each variant, revealing an increase in transmission
alongside a decrease in virulence.'? Specifically, for the
o variant, Ro was reported as 3.9, with a 95% CI: (3.4—
4.4) (39); for the y variant, Ro was 4.2, with a 95% Cl:
(3.5-5);40 for the 6 variant, Ro was 5.2, with a 95% Cl:
(3.2-8); and for the O variant, Ro was 9.5, with a 95%
Cl: (5.5-24).4

Case fatality rate (CFR)

The Case Fatality Rate (CFR) is a measure of disease
severity within a population. Conceptually, it refers to the
proportion of deaths caused by a disease. In its simplest
form, CFR is the ratio of the cumulative number of deaths
from a disease over a specific period of time (D;) to the
cumulative number of cases of that disease during the

t
same period (C;).CFR = b _ Zifo de [Eq 10], Ds and C;

ct et
represent the number of deaths and cases on day t. The
number of infected individuals at the same time can also
be used in the denominator, in which case it is referred to
as the Infection Fatality Rate (IFR). However, estimating
the IFR can be challenging, as it may be biased upward
if cases are underreported, and biased downward if the
delay between illness and death is not accounted for.16.17
This delay is a critical factor, as the deaths attributed to
a disease at time t are the result of the sick population at
an earlier time, rather than the entire sick population since
the start of the epidemic. Moreover, this earlier time is a
random variable with an fj distribution (i.e., the
conditional probability of dying at time | given that one
is sick). To address this, Nishiura et al. (2009) proposed
an unbiased estimator that corrects for the delay: cCFR =

Loy oo
CFR/u(t) where u(t) = M. You can see that

i=0 ‘i

Tizodt ,
cCFR = [Egq 11] and fj can be

B Yizo Zﬁo ci-jfj
approximated by an exponential distribution.#2 Clearly,
cCFR is a more accurate measure of case fatality than
CFR because it corrects for the bias introduced by delays.
However, it still remains a global measure of the case
fatality across the entire process. Nevertheless, by
applying a similar approach, it is possible to estimate an
instantaneous case fatality, denoted as L. For example,
OOL [Eq 12]. Considering
Zj:o ce—jfj

that deaths in time t (di) were a consequence of the cases
over time t-j and a Gamma distribution to approximate
f19

it has been used: L; =

A notable study during the pandemic involved estimating
the case fatality ratio for COVID-19 using age-adjusted
data from the outbreak aboard the Diamond Princess
cruise ship in February 2020.'7 In this study, the authors
estimated the case fatality ratio (cCFR) on the Diamond
Princess to be 2.6%, with a 95% confidence interval (Cl):
(0.89-6.7). By comparing deaths on board with
expected deaths based on CFR estimates from Ching,
they estimated the cCFR in China to be 1.2%, with a 95%
Cl: (0.3-2.7). In Chile, a study conducted from 2020 to
2023 using L; observed a decrease in COVID-19

lethality, from values close to 4% with the original
variant, a, and Yy, to values around 1% with the O
variant.!?

Incidence rate

The daily incidence rate is a valuable parameter for
monitoring cases of an infectious disease like COVID-19.
It is expressed as the ratio of the number of new cases
(C4) on a given day to the exposed population (P,) at that

Ct

Pi(unit of time)
processes, the population remains constant. When
characterizing a specific locality, the population can be
omitted and the metric can simply be referred to as cases
per day. However, when comparing different
populations, it is essential to include P;. The incidence rate
serves both as a measure of the disease burden in the
population over a given period and as an indicator of
the speed at which the disease spreads. Once the
epidemic was established, the incidence rate, along with
the CFR, became the most commonly used parameters to
describe the COVID-19 pandemic.!

time: [ = [Eq 13]. Typically, in rapid

Effective reproduction number

The incidence rate alone is insufficient to measure disease
transmission. While it provides information about the
number of cases over time, it offers no insight into the
transmission process, i.e., the origin of the cases. The
concept of the effective reproductive number (R;) refers
to the number of secondary cases generated from a
single case during the course of the disease's progression
in the population. Like Ro, if its value is greater than one,
the epidemic is expanding; if it is less than one, the
epidemic is declining. Although it is based on the same
principles and parameters as Ro, R, differs in that it takes
into account factors such as the fraction of susceptible
individuals (q,). This is because, during the course of an
epidemic, the proportion of susceptibles is less than 1.
Therefore, only q; susceptibles will be able to generate
new cases, while p = T - q; will not. Thus, we have:

R: = q¢ * Ro [Eq. 14]

This relationship establishes the connection between Ro
and the effective reproductive number, a concept that
CEG Smith first proposed in 1970.43 However, during the
transmission of an infectious disease, not only does the
fraction of susceptible individuals vary, but so do factors
like transmissibility (8), contact rates between individuals,
recovery rates (y) due to changes or improvements in
treatments, probabilities of contagion, and viral
evolution.19.37.38 For these reasons, a more accurate
expression is:

R:=q:* 6(t) * E; [Eq. 15]

where B(t) is the time-varying transmission coefficient,
and E, is the infectious life expectancy, defined as 1 / (U
+ y), where y is the recovery rate and U is the mortality
rate.4445

There are several methods for estimating Ry, including
those proposed by Wallinga & Teunis,* Wallinga &
Lipsitch,4” Bettencourt and Ribeiro,4® the Robert Koch
Institute (RKI),4950 and Cori et al.’2 In a recent review,
Gostic et al.#445 recommended the Cori approximation
for real-time estimation of R,. However, the RKI method is
quick and simple to calculate, providing a point estimate

© 2025 European Society of Medicine 5



for R; based on the same principles as the Cori method.
It relies on the idea that R; can be estimated as the ratio
between the current number of cases (incidence) and the
cases that led to them a serial interval earlier, taking into
account a variable serial interval | with a corresponding

: [Eq 16]. In this

density function w(j): Ry = —/———
Y W Re = S

s . If
method, the calculation is simplified as: as R, ; = Ir=t [Eq.
t—7
17], but it is recommended to calculate: R;; =
E=Z Yi6Cj/7 . . o
= —————[Eq. 18], as it provides more stability.
Bl  Xt-6Cj-t/7 [Ea. 18], P Y

In other words, it is the ratio between the moving average
of the number of daily cases over the past 7 days and
the moving average of the same duration, but shifted T
days earlier. For example, if T = 5 days, it represents the

0 100

-IC0.95C —— Med Cori
Time (days)

300

+1C0.95C

500

ratio between the 7-day moving averages, shifted by 5
days. The Cori method, on the other hand, uses a
Bayesian approximation to address the problem. It
assumes that the number of infected individuals follows a

R A
Jo. 1(e=T)w(T)dT [Eq

19]. The latter expression is the same as the one above
but for continuous I, with the exception that Cori uses the
generation time T instead of 1. Cori applies a Gamma

Poisson distribution and that R; =

distribution for R;, and since a Poisson distribution is used
for I;, the posterior distribution of R; is also a Gamma
distribution. This allows for the calculation of credibility
intervals for R; (conjugate Poisson-Gamma distribution).
The estimates of R, using the Cori and RKI methods were
widely used during the COVID-19 pandemic, producing
very similar results (Fig. 3).

700

RKI

Figure 3.- The evolution of the effective reproduction number (R} of COVID-19 in Chile from 03/15/2020 to 12/31/2021.
Estimations with Cori method (median value: red) with its credible intervals (-0.95C; blue and +0.95C; orange) and with RKI method.
The point estimates obtained using the RKI method are largely within the credibility intervals of the estimates from the Cori method.

(Modified from Canals and Canals 2022).72

Incidence moments

The COVID-19 pandemic highlighted the limitations of
many epidemiological measures in describing the spread
of an epidemic. Prevalence, incidence, incidence rate,
and mortality were useful descriptive concepts for
measuring the burden of disease in the population. On
the other hand, the effective reproductive number (R;)
served as a measure of the speed of disease spread
within the population. While it is true that the
reproductive number, due to its conceptual framework,
provides insight into key factors for intervening to
mitigate and control an epidemic, it was insufficient on its
own for decision-making.373851 To make a physical
analogy: during the pandemic, we asked ourselves which
was more difficult—zgstopping a fast-moving bicycle (low

mass, high speed) or a slow-moving train (high mass, low
speed)?

During the pandemic, the concept of "Incidence Moments"
was proposed as a way to measure the "memory" of an
epidemic and predict its course.5253 The Im,= IR" [Eq 20]
is defined as the nth moment of incidence, where |
represents the 7-day moving average of the incidence
(I=(It + It—1 + .. 1t—6)/7). Thus, the first moment of
incidence (or simply momentum = Imj) is the incidence
rate (IR:), which is a joint measure of both the load and
speed of an epidemic. Since Rt measures the number of
new cases produced by each case in a generational time
(T, the average time between infection and subsequent
infection), it is also a predictor of the expected incidence
over a generational time T. As this time is difficult to

© 2025 European Society of Medicine 6



measure during an epidemig, it is typically replaced by
the serial interval (T). We proposed that the nth moment
of incidence could predict the incidence reported after
“nT” days. For example, the second moment of incidence
(Im2 = IR3) would represent the expected incidence over
two serial intervals (27, or approximately 10 days for
COVID-19), assuming that the incidence and effective R;
remain constant. Therefore, while the first moment of
incidence measures both the load and speed of an
epidemic, higher-order moments not only provide a short-
term forecast of the epidemic's incidence but also allow
us to assess the "memory" of the infection dynamics when

w (6)]
o o

Incidence reported (Cases/109)

N
o

o

100 200
Time (days)

compared to observed incidences. For instance, we
demonstrated that the third moment of incidence (Imz =
IR3) had strong predictive capacity in cOVID-19
epidemic.53 This meant that incidence could be predicted
up to 3t (approximately 15 days), providing a critical
time window for implementing mitigation and control
interventions. Consequently, the concept of incidence
moments seems both necessary and useful for monitoring
future epidemics. It offers a way to measure, on one
hand, the joint load and speed of an epidemic
(momentum) and, on the other, the memory and prediction
window of epidemic dynamics (Im;, Ims...) (Fig. 4).

MAAPE = 30.54%

300 400

Figure 4.- The evolution of the reported incidence (blue) and the expected incidence (red) for Chile, based on the third incidence
moment method (Im3), from 03/28/2020 to 03/28/2021. MAAPE is the mean arctangent absolute percent error (%). (Modified

from Canals et al. 2022).52

Herd Immunity

As the pandemic progressed and vaccines became
available, the key question was what proportion of
naturally or artificially immunized individuals was
required to reduce the number of cases. Population,
community, or herd immunity can be defined as the
proportion of individuals within a group who are immune.
This concept is based on the idea that the risk of infection
among susceptible individuals decreases when a
significant proportion of individuals are immune, known
as the "herd effect"54, or what J. Brownlee referred to as
the dilution of susceptibles in cases.5> Considering the
relationship R; = q; Ro, it can be proposed that the
necessary condition for the incidence of cases to decrease
is R < 1. This implies q; Ro < 1, which is equivalent to (1
- pt) Ro < 1, where p; is the proportion of immunized
individuals. It also leads to the inequality p; > (1 - 1/Ro).
Therefore, the threshold proportion of immunized
individuals (either infected or vaccinated) that makes R,
< 1 and causes the incidence of infections to decrease is
given by p*= 1-1/Ro [Eq 21].41:54-5, |t is clear that
reaching this threshold does not cause the epidemic to
stop abruptly; instead, it begins to decline as R drops
below 1.

Another important aspect to consider is the possibility of
achieving herd immunity. One of the assumptions in SIR
and SEIR models is that immunity is permanent once an
individual has been infected. However, this is not always
the case. If immunity is not lost, achieving herd immunity
naturally becomes a matter of time. The loss of immunity,
however, would impact the p* threshold value. In this
scenario, reaching the threshold depends on the balance
between the rate of recruitment of infected individuals
and the rate at which immunity is lost. The higher the rate
of immunity loss, the longer it will take to reach the p*
threshold. Even once this threshold is reached, new
outbreaks (epidemic recurrences) may occur due to the
replenishment of susceptible individuals.58

There are two key points to highlight from the results
above. First, all SIR or SEIR epidemiological models are
based on the assumption of a homogeneous population
mix, which is rarely the case in reality. Second, if p* is
considered equivalent to the vaccination threshold (V),
the effectiveness of the vaccine (e) must be factored into
the formulation. Vaccine effectiveness is defined as the
reduction in transmission of the infection to and from
vaccinated individuals, compared to control individuals in
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the same population. This is similar to conventional
vaccine efficacy, but it focuses on measuring protection
against transmission rather than protection against the

1-1/R
=05 g 22)5 An
important consideration regarding vaccines is the rate at

which vaccine-induced immunity is lost. If immunity is not
permanent and there is a rate of immunity loss, denoted

disease itself. In this case:V, =

as "@," it has been suggested that a correction factor

should be taken into account in Ve.: Ve = 1_11/:;0 [Eq 23],
e

ot

where eo is life expectancy at birth.5? That is, infectious
disease control through vaccines depends on Ro, the
effectiveness of the vaccine, and the durability of
vaccine-induced immunity. The impact of population
heterogeneity, however, is more complex.

During the COVID-19 pandemic, once vaccines became
widely available, numerous studies on herd immunity
were conducted.®® Some models have considered
interactions between different age groups,®! while others
have used spatially explicit models parameterized with
transport data.b?2 Recent studies have shown that when
there is heterogeneous mixing within the population
between individuals of different ages, each with different
transmission rates, the threshold p* (and therefore V.) can
drop from 60% to 55.8% if Ro = 2.5. If there is
heterogeneous mixing between groups with varying
social activity levels and different transmission rates, the
threshold p* can decrease from 60% to 46.3%. When

Herd immunity

P*%‘Vc

Transmission

_\L Forecast

both conditions are present, the threshold can drop
further to 43%.63

Another study looked at a heterogeneous population with
a subgroup resistant to infection and varying levels of
interaction between subpopulations. This study found that
as the proportion of resistant individuals increases, the
threshold p* decreases, potentially reaching as low as
30% when there is more mixing between subpopulations,
particularly when resistant individuals interact with the
non-resistant group. This effect can be explained by the
fact that resistant individuals tend to form clusters that
limit the spatial spread of the virus, creating a "dilution"
effect (in the Brownlee sense) that reduces the probability
of transmission. These authors suggest that, for the current
epidemic, seropositivity levels of 10-20% may be fully
compatible with local immunity levels approaching p*.
They believe the risk and scale of resurgence may be
lower than currently perceived.

In the case of COVID-19, achieving herd immunity is
challenging for several reasons. On one hand, there is
resistance to vaccination within certain population groups,
some of which are completely unjustified, such as anti-
vaccine groups, and others which are based on valid
concerns, such as those of pregnant women, children, and
individuals with immunosuppressive conditions. These
concerns delay vaccination campaigns.®5 On the other
hand, there is the issue of the loss of vaccine-induced
immunity,%%¢7 as well as the possibility that some variants
may evade vaccine-induced immunity,%869  which
increases the risk of reinfection with SARS-CoV-2.70

Vaccines

e —T Effectiveness

It > /mn

Disease
burden

Figure 5.- Interrelationships among different epidemiological concepts tested during the COVID-19 pandemic. Abbreviations as in

the text.
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Conclusions

Epidemiological knowledge has been and continues to be
crucial for the mitigation of the pandemic, and we have
seen how all these concepts, which generally have a long
history, are deeply interconnected (Fig 5). This meant that
fully understanding one concept often required grasping
another, sometimes by exploring its historical origins. For
example, the thresholds for herd immunity and
vaccination cannot  be fully understood  without
understanding their relationship to R: and Ro. Many
epidemiological concepts were tested successively during
the pandemic. First, to estimate the virus's transmission
capacity and its lethality (Ro and cCFR). Then, to measure

© 2025 European Society of Medicine

the disease burden on the population and health systems
(I, Ly). As mitigation measures were implemented, it
became important to revisit the concepts of disease
burden and transmission speed (Ii, Ri). When necessary,
new concepts were developed for short-term forecasting
(Imn). As the epidemic progressed and vaccines became
available, it became essential to explore the concept of
herd immunity and its relationship with vaccine
effectiveness and both, basic and effective reproductive
number (p, V., Ro, Ri). Perhaps the most useful concepts
were Ro, Ry, and, finally, herd immunity, with the latter
being the most revisited today, now that vaccines are
available.
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