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Abstract:

• Statistical and epidemiological methods play an essential role in producing information for the
public health decision process. They allow the collection, analysis, reporting and interpretation
of data necessary to inform public health officials in the decision-making process, enabling the
diagnosis of the situation, the selection of the most adequate measures and to monitor and evaluate
their impact.
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1. INTRODUCTION

After the identification of the first cases of COVID-19 in December 2019 in Wuhan,
China, it took one month (30 January 2020) for the World Health Organization to declare
the epidemic a Public Health Emergency of Global concern, and almost two months to be
declared a pandemic (11 March 2020) ([11]).

The start of the rampant community transmission of the SARS-CoV-2 virus in Italy
and Spain in early February ([11]), which meant that most new cases did not have an epi-
demiological link, set a decisive date for public health action in Portugal. The first case
of COVID-19 was diagnosed in Portugal on the 2nd of March 2020, and it was only a few
weeks before community spread of the virus started in Portugal, which brought urgency to
the implementation of population-base public health interventions.

Although the infection and disease occurs at the individual level, the epidemic occurs
at the population level. This means that the control and mitigation of the infection or disease
occurrence cannot be only achieved through individual targeted measures. Population level
intervention is crucial to control the spread of the infection and to mitigate the impact of the
disease. Among these, one can list vaccination, social distancing, respiratory hygiene, closing
of schools, working from home, closing of commerce, restaurants and bars, or even more
severe lockdowns, which involve, in addition to the previous measures, stay at home policies.

Public health authorities need information almost on a real time basis to be able to
track the infection evolution among the population, the potential effect of interventions and
their impact. The information provided can range from descriptive analysis of the distri-
bution of the number of new cases of infection in time and space, population or individual
characteristics (age, sex, education, health status), to projections of the infection spread and
impact according to different epidemiological scenarios, or control and mitigation strategies.

Throughout an epidemic it is usual for certain geographical locations to be affected
differently, probably due to factors that promote the spread of infection, such as population
density and connectivity, the inbound and outbound of infected individuals from the region,
amongst others. Which means that nowadays, the access to accurate and detailed information
is paramount to mount proper public health measures, which can be targeted during a certain
period of time, in a certain geographical area or population group.

In the context of a pandemic there are three areas where statistical and epidemio-
logical methods are crucial, namely: epidemiological surveillance, specific epidemiological
observational studies aimed at describing or measuring epidemiological parameters and the
development of mathematical models, which focus on simulating the disease transmission
dynamics and assess impact scenarios under different control and mitigation measures.

2. EPIDEMIOLOGICAL SURVEILLANCE

The epidemiological surveillance is defined as the systematic collection, analysis, in-
terpretation and reporting of data for public health action. During the COVID-19 public
health emergency, most of the epidemiological surveillance data comes from the case noti-
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fication of SARS-CoV-2 infection. Individuals with a laboratory diagnosis of SARS-CoV-2
infection, with or without the presentation of COVID-19 symptoms at diagnosis, are notified
and registered in a database. In Portugal, data is collected through the SINAVE system
(Sistema Nacional de Vigilância Epidemiológica) ([28]), where medical doctors or laborato-
ries, authorized to perform the SARS-CoV-2 test, report new cases of infection or disease on
a daily basis. After the case notification, public health officials perform an epidemiological
enquire where data is collected on individual characteristics, disease characteristics (symp-
toms), probable routes of infection, date of symptom onset, laboratory diagnosis date and
notification date, travel history, and close contacts.

Among the first questions that arise, and that can be answered with epidemiological
surveillance data, are about the distribution of cases in the time scale, namely: what is the
recent incidence of the disease and its trend? Are the number of new cases of the disease
increasing, decreasing or stable?

A simple but essential way to study the course of the epidemic is by plotting the
epidemic curve. This graph basically depicts the number of new cases by date of disease onset.

Figure 1: SARS-CoV-2 epidemic curve by date of symptom onset corrected for notification delay
(Dark blue – Observed cases with date of symptom onset; Light blue – Observed cases
with imputed date of symptom onset; Grey – Occurred but not yet reported cases
(nowcasted)).

In actuality, the graph should be represented by date of infection, but for the majority of the
cases this information is not available. The analysis of this figure is of utmost importance,
given that allows the epidemiologist and public health officials to analyse the evolution of the
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infection transmission, its trends, growing and decreasing phases, the impact of public health
measures or changes in the epidemiology of the infection.

The classical presentation of an epidemic curve is divided in four phases, the estab-
lishment phase, with a sporadic number of new cases, the exponential growing phase, the
peak and the decreasing phase. But in reality, mainly with pandemics like the one we are
facing with SARS-CoV-2 virus, there is a diversity in the presentation of the epidemic curve.
As Adam Kurcharski, from London School of Hygiene and Tropical Medicine, referred in his
recent book, The Rules of Contagion ([22]), “If you have seen one pandemic, you have seen
one pandemic.”. In reality, the form of the epidemic curve can present several growing, de-
creasing and endemic phases, depending on the presence of several factors, including public
health measures, population behaviour, population susceptibility, virus changes or climate
effects.

The quality of the surveillance data used in the production and analysis of an epidemic
curve in real time can be affected by several factors. Surveillance data is collected hastily,
since the priority of medical personnel is to isolate the cases and quarantine their contacts,
in order to be able to interrupt the chains of transmission. So, collecting perfect data in
these circumstances is very difficult, and usually, data quality, completeness and timeliness
are substandard during pandemic emergencies. This problem is further exacerbated during
the epidemic growth and epidemic peak phases, which is when this information is mostly
needed.

As mentioned above, in order to draw a proper and useful epidemic curve the date
of disease onset for each case is essential. Unfortunately, during an epidemic this is one of
the variables that suffers more from incompleteness. Moreover, there is the need to draw
conclusions on the epidemic course for the last few days or weeks recorded. As can be easily
understood, before an infected individual is accounted for in the surveillance system, several
other events must occur, namely: disease onset, which is when the individual starts developing
symptoms; medical visit, which is usually the time it takes an individual to seek health
care after developing symptoms; diagnosis, when the infection has laboratory confirmation;
and ultimately, notification, which is when the case is introduced in the surveillance system
database.

Naturally, from disease onset to the notification of the case to the surveillance system,
several days can go by. Not only due to the disease and reporting process described above
but also due to other factors, such as the awareness of the population, preparedness of the
surveillance system, overload of the professionals involved in the reporting process during the
growth or peak phases, weekends when most medical sites are closed, personal and regional
characteristics, among others ([15]).

The time between disease onset and case notification, precludes the monitoring of the
epidemic in real time, translated in epidemic curves showing the last days/weeks always with
fewer cases than the day before, suggesting a declining trend in incidence, when in fact, as
more data is available, it might actually show it was increasing.

The notification delay varies across different surveillance systems because of the intrinsic
nature of the reporting process implemented for each disease and country, and also due
to changes in time. During the COVID-19 emergency, the time between disease onset to
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notification delays have been described as 8 days on average, also 95% of the cases with onset
of symptoms in one specific day take 15 days to be notified ([30, 12]). In Portugal, the median
time between disease onset and notification decreased from 8 to 4 days throughout the course
of the epidemic.

Here the statistical and epidemiological methods can be used to our advantage ([23]).
Imputation methods can be used to estimate missing dates of disease onset, and nowcasting
techniques can be applied to estimate the occurred-but-not-yet-reported cases in the last
weeks of the epidemic curve ([23, 25, 19]). In order to be applied, both these methods need
the distribution of the diagnosis and/or notification delay.

Several approaches have been proposed to impute date of symptom onset and to nowcast
the recent days in public health setting ([15]). Nowcasting methods have also been developed
in both frequentist and Bayesian framework ([19]).

There are several constraints that difficult the real time implementation of nowcast
procedures such as the distribution of the delay from disease onset to notification not being
invariant in time, place and individual characteristics. During the first weeks of the epidemic,
the delay between disease onset and notification is usually longer, given that the first traced
cases are usually detected at a later date. This means that several weeks of epidemic data
are necessary in order to be able to estimate a complete distribution of the delay. So, for
the first weeks of the epidemic, the delay distribution is truncated, and we need to recur to
other sources of information, like historical data from other epidemics in order to estimate
the notification delay distribution and nowcast the most recent days of the epidemic curve.

Besides the level of incidence and its distribution in time, public health officials usually
need to know the level of transmission of the infection in the community. The reproduction
number (R) of the infection is the measure used to monitor the transmission of infectious
diseases. During the COVID-19 emergency it has been given a very important role in decision
making, such as being used to implement or lift lockdown measures. This index measures
the average number of secondary cases a typical infectious case gives origin to. When R is
above one it means that the epidemic is in a growing phase, and each generation of infected
individuals, gives rise to a new generation with a higher number of infected individuals.
Otherwise if R is below one, the next generation of infected individuals is smaller than
the previous one, which means that the size of the epidemic converges to 0, leading to its
extinction. If R is equal to or close to 1, then the number of new infected individuals in each
subsequent generation is approximately constant, which corresponds to an endemic or stable
phase of disease spread.

It is important to estimate the reproduction number during the first phase of a pan-
demic, when all the population is susceptible and there are no control measures in place, in
order to have a natural measure of the infection transmissibility in the population in study.
This parameter is called R0 (“R naught”) and has a very crucial role in infectious disease
epidemiology. It can be interpreted as the average number of infectious cases resulting from
one infectious case, after its introduction in a completely susceptible population ([31]).

R0 is used in mathematical modelling studies to set up the base scenario of an epidemic,
allowing to find the level of public health measures needed to bring it below one. Or it can be
used as reference to be compared with the effective reproduction number in order to evaluate
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changes in the infection transmission, due to the implementation of public health measures
or due to the natural course of the epidemic.

R0 can be estimated from transmission chains data, which are usually difficult to obtain,
measuring the distribution of the secondary cases each initial case gave origin to. It can also be
estimated from the epidemic curve growth in the initial phase of the epidemic, with additional
information on the generation time distribution of the infection ([31]).

The generation time of infection corresponds to the time elapsed between the times
of infection of infector and infectee individuals. Given that it is difficult to collect data on
infection dates, this distribution is substituted by the serial time distribution, which is given
by the time interval between symptom onset of the infector and the symptom onset of the
infectee. Regarding the COVID-19 infection, the serial time is being described with a mean
from 3.1 to 7.5 according to the study published ([2]). This distribution plays also a very
relevant role in the epidemic transmission, given that it represents the time elapsed between
the disease onset in two generations of infected individuals. The shorter the serial time, the
quicker the infection spread.

Besides the R0, another reproduction number that has been recurrently used by several
public health agencies and governments to monitor the SARS-CoV-2 transmission, is the time
dependent effective reproduction number. Firstly proposed by Wallinga and Teunis in 2004
([32]), to measure the average number of secondary cases originated by the incident infectious
cases in time t, it has been showed to be an excellent tool to monitor transmission over time
and evaluate in a real-time manner the impact of public health measures and changes in the
infection epidemiology. Nevertheless, for surveillance proposes, where date-of-onset data is
always incomplete in the last few recorded weeks, several researchers have recommended the
use of Cori et al. method ([8]) to estimate the time dependent effective reproduction number.
In this method the Rt represents the average number of secondary cases that originated the
new cases observed at time t.

As stated by other researchers, today’s challenge is how to include the imputation and
nowcasting methods uncertainty into the estimate of Rt.

In Portugal the Rt has been estimated from the epidemic curve after imputation and
nowcasting ([20]), using a method developed by Antunes et al. in 2014 ([3]) for daily mortality
monitoring. The Rt has been estimated using the Cori et al. method ([8]). This analysis
did not include a method for error propagation from the imputation and nowcasting to the
estimate of the reproduction number.

3. SPECIAL STUDIES

Special studies are specifically designed to measure epidemiological parameters of in-
fection or disease and to identify risk factors of infection or disease severity, including the
need for critical care and case-fatality.

One of the most relevant studies that the WHO recommends, at the start of the emer-
gency of a new infectious agent with pandemic potential, is the First Few X Cases study
(FFX) ([29]). This study should be implemented as quickly as the first cases are identified,
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and is aimed at estimating key epidemiological indicators that are essential both for surveil-
lance and for modelling the transmission and impact of the disease. FFX study aims at
describing the clinical presentation of the disease and the routes of infection, the secondary
infection and clinical attack rate, the serial interval, proportion of asymptomatic infections,
the basic reproduction number, the incubation period, and eventually preliminary estimates
of infection and disease-severity ratios (case-severity and case-fatality ratios).

Early estimates of these parameters are essential to the design and selection of the
more effective public health measures, however, during emergency situations, it might not be
feasible to carry out such studies. During the COVID-19 emergency, Portugal included the
FFX protocol in the list of studies to implement ([26]), but once the number of cases started
to increase exponentially, its implementation was not possible. Since only a few countries
were able to conduct this study ([5]), the majority of the estimates of key epidemiological
parameters came from the secondary analysis of data from routine epidemiological surveillance
systems.

According to the different phases of the pandemic, and with the increase in the number
of cases, other studies can be implemented. Such as, cohort or case-control studies aimed
at identifying risk or protective factors of infection, disease or disease severity ([26]). These
studies are also crucial for the implementation of targeted public health measures, but also
to feed the mathematical models that aim to produce impact scenarios in the health care
sector.

Other special studies of high importance are population-based surveys. These are cross-
sectional studies that aim to measure seroprevalence of antibodies against the infectious agent,
or surveys focused on evaluating the knowledge about the infection and disease, the adoption
of preventive measures (hand washing, social distancing or use of mask) or the impact of the
universal public health measures, such as lockdown of specific areas or countries, on the so-
cioeconomic indicators or even on mental health. A very specific survey that some countries
have implemented before and during the COVID-19 emergency, aims at measuring the profile
of the contacts between individuals, according to their age and setting (home, school, work-
place and general community). These are very important to feed the mathematical models
in order to include age heterogeneity in the contacts between individuals and the observed
impact of social distancing measures on these contact matrices.

Finally, it is important to mention those studies dedicated at measuring the effectiveness
or impact of the public health measures, vaccines or treatments. These are essential to adjust
the set of intervention and treatments. During the COVID-19 emergency several studies were
performed to evaluate the impact of the lockdown measures, using quasi-experimental designs
like interrupted time series analysis. Moreover, complex randomized clinical trials aimed at
identifying effective treatments against COVID-19 disease and their complications were also
implemented.

In all these studies the role of the statistical methods is undeniable in the several phases
of the study development. These encompass the design, field implementation and data vali-
dation, analysis, reporting and interpretation of results. One of the lessons learned during the
COVID-19 emergency is that the development of these studies needs generic scientific proto-
cols developed and approved during inter-pandemic phases, and most importantly, dedicated
teams for their implementation.



560 B. Nunes, C. Caetano, L. Antunes and C. Dias

4. MATHEMATICAL MODELS OF DISEASE TRANSMISSION

Epidemic models for the spread of infectious diseases date back to the beginning of the
twentieth century. Pioneer mathematical techniques were proposed to describe the dynamics
of disease transmission and these are key tools to lay out proper mitigation and suppression
measures to deal with an epidemic ([13]). The susceptible-infected-recovered (SIR) models
developed by Kermack and McKendrick (1927) were the first mathematical models developed
to the transmission dynamics of infectious diseases. These compartmental models have been
further extended and adapted to an assortment of different diseases ([31]). Nowadays, these
models are seldom used in their original form, since they are too simplistic to account for the
inherent heterogeneity of disease transmission.

The SIR and SEIR (Susceptible, Exposed, Infectious and Removed) models have been
improved to account for several crucial factors, such as the heterogeneity of human con-
tact ([16, 31]), geographical distribution ([4]) and disease susceptibility, as well as account-
ing for the underlying uncertainty in disease transmission, i.e. stochastic models ([35, 34]).
These extended models have been developed for different goals:

a) assessing the epidemic preparedness of health systems ([27, 7]), by taking into
consideration the susceptibility and contact pattern of individuals, as well as the
infectivity of the pathogen;

b) evaluate the impact of intervention measures that aim to reduce mortality and
healthcare demand during an epidemic ([13]);

c) account for the geographical distribution of the population, i.e. metapopulation
models ([4, 33]);

d) study the seasonality of disease prevalence ([10]);

e) evaluate the necessary herd immunity vaccination threshold ([17]).

Since the beginning of the SARS-CoV-2 epidemic, a number of different working groups
have employed SIR-like deterministic and stochastic models to evaluate the spread of the dis-
ease. The authors in [33] used a deterministic SEIR model to nowcast and forecast the
national spread of SARS-CoV-2 in China, by creating scenarios for the transmissibility re-
duction and mobility reduction associated with the measures implemented in Wuhan, China.
A SEIR-type stochastic model was developed by the authors of [35] to estimate key latent
epidemiological parameters and states, such as the proportion of asymptomatic individu-
als, and the strength of the contact tracing. The authors in [9] employed the use of a
healthy-asymptomatic-sick-dead model to assess the relaxation of social-distancing measures
in Germany, a similar approach was also employed by the authors in [24] for Spain.

One of the biggest challenges that epidemiologists and modellers face during this epi-
demic is to foresee the duration of different epidemic phases. The first phase consisted in
the containment of imported cases and identification of transmission chains, after which,
an exponential growth of incident cases is expected, hence, the next phase consisted in the
introduction of suppression measures by enforcing strict social-distancing. Lately, several
countries having been phasing-out social-distancing measures, which might result in higher
disease transmission during next winter along with the transmission of other seasonal respira-
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tory viruses. For each of these phases several measures are necessary to prevent, control and
mitigate COVID-19’s impact, which need to be evaluated and simulated with best available
modelling tools.

Other very important discussion for which mathematical modelling has provided very
important insights and discussion is the future of the pandemic and its end, such as the
herd immunity threshold, with estimates ranging from around 10% to 70% ([14, 6, 1]). Fur-
thermore, should we expect that SARS-CoV-2 will be present for several years and became a
seasonal respiratory virus ([21]) together with influenza and other respiratory virus ([14, 6, 1])?

5. FINAL REMARKS

The emergence of SARS-CoV-2 and the COVID-19 pandemic was really a black swan
event, although international and national institutions have been preparing for new influenza
pandemic, in truth, the majority of the countries were not prepared for all the implications
of this event.

Data and information about the epidemic course, the risk factors for infection and
disease, the effectiveness of public health measures and treatments, and the future scenarios
of the course of the pandemic are among the most wanted pieces of knowledge by all the
sectors of society.

These can be obtained through the development of surveillance systems, special epi-
demiological studies and mathematical modelling, areas that must be developed together
in comprehensive and timely manner. Data from surveillance systems is important to feed
special studies and mathematical modelling. Special studies allow the estimation of relevant
parameters to feed the mathematical models and to estimate transmission parameters in real
time (Rt). The public health measures that are evaluated prospectively through mathemat-
ical modelled scenarios, can be retrospectively evaluated using surveillance systems data or
special studies.

Epidemiologists, statisticians and mathematical modellers have been probably among
the most needed professionals during this phase, due to the amounts of data and information
that needs to be collected, analysed, reported and interpreted. Data and information is
demanded by decision makers with higher levels of certainty and lowest timeliness.

On the side of those that must make decisions, the information and knowledge that
public health officials and decision-makers (at the highest level) receive in real time to de-
cide is overwhelming. During this emergency, decision makers needed to deal with complex
epidemiological concepts, with high levels of uncertainty. This placed very high pressure in
public institutions responsible for delivering the information needed for decision, but also on
decision makers and public health authorities that are confronted with uncertain information
and are asked to make correct decisions ([18]).

A reflection should be made about several of these issues in the light of the COVID-19
pandemic experience, from the point of view of data and information. These reflections should
include the anticipation of data, studies and information needed during the different phases of
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a pandemic; methods and models available for analysis in order to develop a public available
data analysis toolkit and clear rules for data disclosure and availability. The collaboration
between public health institutes and the science academies should also be enhanced for the
development of these three areas. Finally, efforts should be allocated in the translation of
data and information for decision makers in order to contribute to more informed decisions,
with a focus on the population health and welfare.
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