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a b s t r a c t
Forecasting the outcome of outbreaks as early and as accurately as possible is crucial for
decision-making and policy implementations. A significant challenge faced by forecasters
is that not all outbreaks and epidemics turn into pandemics, making the prediction
of their severity difficult. At the same time, the decisions made to enforce lockdowns
and other mitigating interventions versus their socioeconomic consequences are not
only hard to make, but also highly uncertain. The majority of modeling approaches to
outbreaks, epidemics, and pandemics take an epidemiological approach that considers
biological and disease processes. In this paper, we accept the limitations of forecasting
to predict the long-term trajectory of an outbreak, and instead, we propose a statistical,
time series approach to modelling and predicting the short-term behavior of COVID-19.
Our model assumes a multiplicative trend, aiming to capture the continuation of the two
variables we predict (global confirmed cases and deaths) as well as their uncertainty. We
present the timeline of producing and evaluating 10-day-ahead forecasts over a period
of four months. Our simple model offers competitive forecast accuracy and estimates of
uncertainty that are useful and practically relevant.
© 2020 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.

Time is running out to prepare for the next pandemic.
We must act now with decisiveness and purpose.
[Michael Osterholm, 2005]
1. Introduction
The impact of COVID-19 and the measures needed to
fight the pandemic present a grueling challenge to policymakers (Ferguson et al., 2020) with profound implications
for humanity. The choices are grim. Governments are
forced to choose between (i) lockdowns to stop the spread
of the virus and reduce the number of deaths while tolerating the grave economic consequences that may lead to
∗ Corresponding author.
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economic depression and (ii) allowing business as usual
to keep the economy going while enduring loss of life and
human suffering that many find unacceptable. By 31 May
2020, the number of reported, global confirmed COVID-19
cases surpassed the 6 million mark while the number of
deaths attributed to the pandemic had reached 369,000.
We also observe huge differences among countries, with
over 820 deaths per million inhabitants in Belgium but
single-digit lows in many others (Statista, 2020) and even
more significant variations in the per age mortality rates.
Setting aside the reliability of these numbers, national
policies concerning lockdowns and social distancing and
how soon they are introduced have been a critical factor
in both infections and death rates. A study estimated the
number of deaths by 3rd May would have been lower
by 36,000 if the interventions to control the virus in the
USA had started a week earlier, and by 54,000 if the
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interventions had started two weeks before (Pei et al.,
2020). The type and timing of interventions have been a
decisive factor in the spread of the disease and the subsequent death rates. However, there is no agreement about
their exact influence and what could have been done to
minimize human suffering and loss of lives while avoiding
the disastrous economic implications of lockdowns.
In this introduction, we explore four issues that could
have reduced the negative impact of the decisions made.
First, could the COVID-19 pandemic have been predicted?
Alternatively, could the world have been better prepared
to face it even though its exact timing and impact was
not known? Second, could the measures taken have been
more effective if lessons learned from previous pandemics
had been applied to this one? Third, what additional information could have been provided to policy and decisionmakers to improve their decisions? Finally, even if ‘‘perfect’’ information had been available, could ideological
beliefs have been put aside to decide which measures to
adopt in a more rational way?

Pandemics are not the only natural events that cause
considerable human and economic suffering. Earthquakes,
hurricanes, floods, avalanches, and tsunamis are of a similar kind, leaving traces of destruction in their path. In contrast to pandemics and tsunamis, the remaining natural
disasters are more frequent, which results in more experience gained in order to be prepared to deal with them
as efficiently as possible and minimize their damages.
There are different types of preparation for natural
disasters whose occurrence cannot be predicted, and the
example of Japan’s history with earthquakes is worth
imitating. Japan accounts for around 20% of earthquakes
around the world with a magnitude 6.0 or more, with
around 1500 earthquakes striking this island nation every
year and minor tremors occurring nearly every day. Japan
is prepared to face these earthquakes by having implemented a combination of long and short-term measures
to be able to function routinely and minimize loss of life
and economic hardship. The long-term measures include
earthquake-resistant buildings/structures and infrastructure projects to avoid floods and transportation problems
(for instance, its famous high-speed bullet trains stop
automatically at the first sign of an earthquake). There is a
constant effort to raise awareness and educate people, including young children, on what to do and how to face an
earthquake. Although the analogy between earthquakes
and pandemics may not seem straightforward, there is a
lot to be done to be better prepared by educating people
on the value of masks and the need for social distancing,
as well as having plans in place to restrict travel and
protect the elderly and those in nursing homes.

1.1. Predicting and being prepared for pandemics
Cirillo and Taleb (2020) analyzed 72 major pandemics
spanning over 2500 years and showed that they are fattailed in terms of duration and fatalities (see their Table
1), posing significant risks for humanity. Therefore, forecasting the specific impact of a pandemic beforehand
would have been practically impossible and too uncertain. Some last only months, killing less than a thousand
people, while others can endure for more than 20 years,
annihilating more than a third of the world’s population.
The last pandemic, the Spanish flu, started in 1918
and killed an estimated 58.5 million people (194 million
in terms of the size of the population in 2020). It was
followed by the HIV/AIDS pandemic, which is still active
in some form, and the Asian flu and the Hong Kong flu
which killed 3, 2, and 1 million people, respectively (62,
5, and 2 million, respectively, in terms of the population
size in 2020). In comparison, COVID-19 has resulted in 1.2
million deaths until now and has caused a great amount
of human pain and economic destruction. All pandemics
(no matter how small) can produce great upheaval by
disturbing our everyday lives and affecting our economic
activity. Worse, we cannot predict when they will hit,
how long they will last, or their human and economic
impact, generating huge uncertainty and psychological
and economic upheaval for a good number of people (Lilla,
2020).
There are strong suggestions by epidemiologists and
other experts that pandemics are inevitable (Carras, 2020;
Osterholm, 2005; Taleb, 2008) and that there is an urgent
need to be prepared to face them, whenever time they
might appear (Osterholm & Olshaker, 2020). There is also
the assertion that COVID-19 is not ‘‘the big one’’ and that
humanity must be prepared to face a much worse pandemic, most likely a novel influenza virus with the same
devastating impact as the Spanish flu pandemic of 1918,
which circled the globe two and a half times over more
than a year, in three recurring waves, killing many more
people than the brutal and bloody war that preceded it
(Osterholm & Olshaker, 2020).

1.2. Learning from past pandemics
Dangerous epidemics are on the rise around the world.
Their numbers have increased nearly fourfold over the
past 60 years, while their yearly number has more than
tripled since 1980 (Walsh, 2017). Pandemics are less
frequent than epidemics, but their impact is much more
severe. Epidemiologists contribute their rise to increased
globalization and more significant social interaction
among people around the world and suggest that greater
efforts must be made to be better prepared to face them,
even though they always come as a surprise.
During the 20th century, there were four pandemics,
and each caused more than one million recorded deaths.
Among those, the Spanish flu (Taubenberger & Morens,
2006) killed an estimated 58.5 million, while HIV/AIDS,
which still exists today, has caused more than 30 million
deaths. The Spanish flu came in multiple, distinct waves
over a period of two years with considerable differences
in death rates between Europe and USA and between
various US cities, and like COVID-19, these rates depended
on how early during the pandemic interventions were
made to reduce its spread (Bootsma & Ferguson, 2007).
The pattern of HIV/AIDS has been quite different from that
of the Spanish flu; while it has lasted for over 50 years,
the number of infected with HIV/AIDS peaked at the end
of 1999, declining since then, and the number of deaths
has been declining since 2006 as more information about
the disease and more effective medical treatments have
become available.
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So far, in the 21st century, no pandemic has killed
more than one million people, although COVID-19 has
just passed this mark. The infrequency of pandemics has
contributed to underestimating its severity and economic
impact as lockdowns and social distancing prevented a
good part of normal economic activity, increasing unemployment and probably leading to a major recession
that will be influenced by the severity of a second, or
possibly third wave of the virus hitting the world, thus
requiring new lockdowns and social distancing measures
to be imposed. In South Korea, for instance, schools were
obliged to close again after the largest spike in weeks
(Mahbubani, 2020).
If we accept that pandemics will hit us again in the future without warning, we must be prepared to face them
as effectively as possible; for instance, by banning travelling early, immediately making facemasks obligatory, and
imposing social distancing among other measures.

1.4. Ideological preferences
What is the cost of human life (Rogers, 2020)? Can
such a cost be compared to the economic damages caused
by lockdowns and social distancing? New York Governor
Andrew Cuomo in a briefing stated (Eyewitness News,
2020): ‘‘To me, I say the cost of a human life, a human life
is priceless. Period.’’ Others, however, worry about the impact of lockdowns and social distancing on the economy
and are citing facts such as the worst drop in the US Gross
Domestic Product since 2008 and the 33.5 million people
who have filed for unemployment since March when the
lockdowns took effect. They also ask what will happen if
the economy does not open up soon and how we might
deal with the bankruptcies that will become inevitable
and the many people without any income to pay their rent
and support their families?
In addition, they question what will happen if there is
a second and possibly a third wave of the virus? Could
a new lockdown be imposed? Clearly, these are not easy
questions to answer, as Rogers (2020) concludes in his
article ‘‘How Much Is a Human Life Actually Worth?’’ that
attempts to estimate a number to this question, without
much success. He suggests that instead of putting a number on human life, ‘‘what researchers would like to know
is which specific interventions are most successful stopping the virus and have the least impact on people’s economic lives.’’ Better management of the pandemic could
be aligned with economic interests; enhancing a culture
of duty and responsibility toward protecting each other
(through wearing masks for example) can lead to lower
transmission rates and delayed, if not avoided, lockdowns.
However, there is also the issue of the unequal burden of
the pandemic affecting the poor much more than the rich
(Dahir, 2020).
Such uncertainty/disagreement brings us back to
square one, where opinion, heavily colored by ideological
preferences, influences decisions. Moreover, political considerations are heavily weighted by politicians who know
that voters are influenced by the state of the economy and
unemployment and will make decisions and take actions
to improve the economy and therefore their chance of
being reelected. Unfortunately, the situation cannot substantially change from having to decide between two grim
choices until a successful vaccine is found, and that is not
likely to happen until more than a year from now. Until
then, the debate between Taleb and Ioannidis, published
in this special issue of IJF, covers these topics and provides
the perspective of the two top researchers and their
teams.
Although medium- and long-term forecasting do not
seem to be of much value for policy and decision-makers,
short-term forecasting can be useful and will be implemented in the second part of this paper; after a literature
review of past pandemics as well as the present one is
provided, the mathematical and judgmental models used
to forecast them are discussed, and their usefulness and
accuracy, as well as their advantages and limitations, are
presented.

1.3. Additional information that would have improved decisions
The infrequency of pandemics contributes to human
bias, making us believe the illusion (Langer, 1975) that
they will not affect us and there is no need to take
the difficult actions needed to minimize their impact. As
mentioned earlier, if the lockdown in the USA had been
initiated a week earlier, there would be 36,000 fewer
deaths. At the same time, it would have been a week of
reduced economic activity with many people unable to
work.
Ioannidis (2020), in a paper titled ‘‘A fiasco in the
making? As the coronavirus pandemic takes hold, we are
making decisions without reliable data’’ written early during the pandemic, argues that more reliable information
is needed to guide decisions and actions of monumental
significance and to monitor their impact. He continues
saying that given the uncertainty involved, a reasonable
estimate for the case fatality ratio in the general U.S.
population could vary from 0.05% to 1% and that at the
lower range, it would be the same as the seasonal flu.
Moreover, Ioannidis raises the issue of the great difference
in death rates according to age, particularly for people
over 75 and for those with existing health conditions, and
whether the average rate should be adjusted to reflect
those differences in policy decisions. He does not question imposing lockdowns and social distancing, but rather
suggests that better data are needed to be able to make
these trillion-dollar decisions. For instance, he suggests
spending some money on sampling the general population instead of tracking the fatality rates or other vital
statistics. Others disagree with Ioannidis (Cirillo & Taleb,
2020), claiming that the risks are highly asymmetric, that
no precise information is needed to decide that lockdowns
and social distancing are necessary, and that choosing to
not implement these measures will lead to great suffering
and the loss of innumerable lives that will cost a great
many times as much to correct in the future. It is the
precise aim of the debate between Taleb and Ioannidis
published in this special issue to answer the question of
how to deal more effectively with pandemics.
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modelling historical surveillance data. Many researchers
have applied different time series models to forecast
epidemic incidence in previous studies. Some of these
models use exponential smoothing (Tseng & Shih, 2019),
generalized regression (Imai et al., 2015), multilevel time
series models (Spaeder & Fackler, 2012), and autoregressive integrated moving average (ARIMA) models (Li et al.,
2012). Based on their methodological simplicity and lack
of complex mathematics, simple time series models are
considered to be relatively easy methods to explain to end
users which improves the trust in the model’s outcomes
and thus its usage.
Epidemiological methods try to model disease states
taking into account the biological and disease processes
such as disease transmission processes and individual
and population variables (Hyder et al., 2013; Shaman
& Karspeck, 2012; Shaman et al., 2013), thus making
them inevitably more complex and more computationally
challenging. The most common model in epidemiological
forecasting of infectious diseases is the SEIR (Susceptible
- Exposed - Infected - Recovered) model and its variation, the SEIRD model (Piccolomini & Zama, 2020), which
has a deaths compartment added as well. The population is divided into the appropriate compartment, and
they move between compartments during different stages
of the disease. This modelling approach takes into account the infection and recovery rate in the population
(Becker & Grenfell, 2017; Kermack et al., 1927). A different
group of methodologies used in disease forecasting are
machine learning models utilizing artificial neural networks and support vector algorithms, which are gaining
ground lately in forecasting infectious disease incidence
(Philemon et al., 2019; Tapak et al., 2019).
Another noticeable forecasting approach is the use
of judgment. Collective human judgment is known to
have good predictive power but is also influenced by
human biases. Research showed that in some cases, it
can match or even exceed most statistical and epidemiological methods (Farrow et al., 2017). Over the years,
the quality of judgmental forecasts has improved by implementing well-structured and systematic approaches
(Good Judgment, 2020). Judgmental forecasting is the only
forecasting option, due to the complete lack of historical
data, in cases such as during completely new and unique
market conditions or when an outbreak occurs from a
previously unknown novel pathogen. In these situations,
judgment may be applied in order to forecast the effect of
such a pathogen or any policies that will be decided in the
absence of historical precedents. Judgmental forecasting
is also useful in situations where data are not collected
in a timely manner or when the data are incomplete. For
these reasons, judgmental forecasting may be applicable
to a good degree to the COVID-19 pandemic.
Forecasting models can also be combined into an ensemble. This combination can include many models of
the same methodological approach, for example, many
ARIMA models, or a combination of mixed methodological
approaches. An ensemble that combines different forecast methods, including both statistical and epidemiological models, could improve accuracy while reducing forecast uncertainty, outperforming single methods. Ensemble weather predictions, as well as ensemble approaches

1.5. Our contribution
The major purpose of this paper is to propose a shortterm forecasting model to predict the confirmed cases
and deaths related to the coronavirus over a period of
four months and to evaluate its accuracy and usefulness.
This is done by forecasting both variables for 10 days
ahead and repeating the process 12 times in a unique, live
forecasting experiment with vast potential implications
for planning and decision-making, by providing objective forecasts for the confirmed cases and deaths whose
accuracy can be traced and compared over a period spanning 120 days. We extend the study by Petropoulos and
Makridakis (2020) to more rounds of forecasts and two
variables, while analyzing the forecast accuracy in terms
of different planning horizons and the performance of
the prediction intervals. We compare the performance of
our approach to other publicly available forecasts. Finally,
we provide country-specific forecasting for three closely
related countries that implemented different levels of interventions (Denmark, Norway, and Sweden).
The remainder of the paper consists of four parts. The
first part of the paper provides a review of methods and
models used to forecast the current pandemic. The second
part describes the proposed short-term forecasting model
that uses 12 rounds of predicting confirmed rates and
deaths for the entire world and some select countries, as
well as their accuracy and value to policy and decisionmakers. The third part is a discussion of our ability to
forecast pandemics and the uncertainty associated in doing so, what we can learn from them, and how we can
improve our ability to deal with future ones. The final part
provides concluding remarks.
2. Literature review
As unknown infectious diseases emerge, creating an
outbreak which leads to an epidemic and ultimately a
pandemic, researchers try to use modelling exercises to
describe observed patterns and try to predict or forecast
those patterns in the future so that public health services
can be prepared and can plan their responses. Epidemic
forecasting, specifically, is of paramount importance to
epidemiologists, healthcare providers, and health policy
makers.
With the advancement of data science, numerous forecasting methods have been proposed in the field of epidemic forecasting. Most forecasting modelling methods
employ similar approaches. Most of the models are mathematical, using time series epidemiological data in combination with some additional parameters in order to make
informed predictions.
There are various predominant approaches to forecasting diseases; namely statistical, mechanistic, and judgmental methods.
Statistical methods model disease outbreaks by identifying time series patterns in historical data, but do not
account for disease transmission dynamics directly and
do not take into account any biological processes (Brooks
et al., 2015; Kandula et al., 2018; Wang et al.). The time
series models try to predict epidemiological behaviors by
4
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to infectious disease forecasting, have reported promising
improvements (Krishnamurti et al., 1999; Smith et al.,
2017; Viboud et al., 2018).
Regardless of the choice of the forecasting method
employed, every study should report on the model’s performance (Tabataba et al., 2017) which should include the
accuracy of the point forecasts but also the performance
of the prediction intervals or quantile forecasts (i.e., the
model’s ability to capture the uncertainty around the
point forecasts).
Before COVID-19, the 2014–2015 West African Ebola
epidemic was one of the most heavily modelled
outbreaks in history (Chretien et al., 2015). A growing
number of models have been developed by health care
systems, academic institutions, consulting firms, and others to help forecast COVID-19 cases and deaths, medical
supply needs, including ventilators, hospital beds, and
intensive care unit (ICU) beds, timings of patient surges,
and more. For the purpose of this paper, we will focus on
methods and techniques used for the forecasting of the
current COVID-19 pandemic, separated into models that
focus on national and international outcomes.

2020). The results of this model are also used in the CDC
ensemble.
The Institute of Global Health, Faculty of Medicine,
University of Geneva, and the Swiss Data Science Centre created a web dashboard that provides forecasts of
the number of cases and deaths for the next seven days
based on exponential and linear statistical models fit to
the recent growth rate of cumulative deaths (Institute of
Global Health Faculty of Medicine University of Geneva
and the Swiss Data Science Center EZ-E, 2020). The University of Texas also created a web dashboard for the
projection of deaths in US states for the next seven days
using Nonlinear Bayesian hierarchical regression with a
negative-binomial model for daily variation in death rates
(Woody et al., 2020). Their uncertainty measures have not
yet been published. Youyang Gu (2020), an independent
data scientist, also produced COVID-19 projections. His
model is based on the SEIR model, but he then used
machine learning to learn and minimize uncertainty. Uncertainty metrics have not been published yet; however,
the model significantly under-forecasted deaths in early
and mid-April.

2.1. Forecasting models: Country-specific

2.2. Forecasting models: Global coverage

Since the beginning of the pandemic, many forecasting
models have been developed with global, national, or
even regional forecasting outputs. Sujath et al. (2020) proposed a model that could be used to forecast the spread of
COVID-19 in India using linear regression (LR), Multilayer
perceptron (MLP), and Vector autoregression (VAR). They
concluded that MLP provides better results compared to
LR and VAR, but no accuracy or uncertainty metrics were
provided. Gupta and Pal (2020) used ARIMA and exponential smoothing techniques to forecast infected cases
and deaths in India and its states, as well as the South
Asian Association for Regional Cooperation (SAARC) nations. They reported reasonable levels of accuracy; however, they did not mention any uncertainty measures.
Yang et al. (2020) used a dynamic SEIR model, utilizing an
artificial intelligence (AI) model that was trained on the
older SARs data in China. According to the authors, both
models were effective in predicting the epidemic peak
and size, but no uncertainty measures were provided.
Doornik et al. (2020) compared the performance of epidemiological models prepared from the Medical Research
Council Centre for Global Infectious Disease Analysis at
Imperial College London to their own statistical forecasts
and discussed the large forecast errors of epidemiological
models in the first months of the pandemic.
A model used in the ensemble of the Centers for Disease Control and Prevention (CDC) is the metapopulation
SEIR model developed by researchers at the Mailman
School of Public Health of Columbia University (Yamana
et al., 2020). This model forecasts daily reported cases,
daily new infections, bed demand, ICU and ventilator
demand, and mortality in US counties for six weeks into
the future. The Institute of Health Metrics (IHME) created
a dashboard for forecasting deaths and hospital resource
use for most countries, but their model validation metrics
have not yet been published (IHME, 2020; IHME COVID19 health service utilization forecasting team & Murray,

A study performed by Elmousalami and Hassanien
(2020) attempted to forecast global infected cases, global
recovered cases, and global deaths. Single Exponential
Smoothing was superior to moving average and weighted
moving average methods based on several error measures. Another model is the one developed by the Imperial
College London (Flaxman et al., 2020; Imperial College
COVID-19 response team, 2020). They used an ensemble
of transmission approaches to come up with forecasts of
deaths for the following week. Although a detailed explanation of their methodology is provided, the accuracy and
bias of the forecasts have not yet been published.
Auquan (2020) created a COVID-19 dashboard that
uses a modified SEIR model to provide 10-day-ahead
forecasts both globally and country-specific. Other than
model structure, no other specifics are available. This is
one of the models that the CDC is using within their ensemble of forecasts. Similarly, the DELPHI model forecasts
infections, hospitalizations, and deaths for the next 45
days and was developed by the MIT Operations Research
Center (2020). The model is an adjusted SEIR model with
added features such as underdetection and differentiated
government intervention. This model’s results are also
used by the CDC ensemble model, but their detailed
methodology and forecast’s efficiency have not yet been
reported.
Good Judgment Inc, a consultancy using judgmental
forecasting methodology to help clients make better decisions, created a COVID dashboard which forecasts notable
socioeconomic milestones regarding COVID-19, such as
the development of a vaccine and return to normal air
travel (Good Judgment, 2020). They ask specific questions
and, by utilizing the wisdom of their trained crowd, manage to assign a probability to the occurrence of an event,
enabling informed decisions. The accuracy of the forecasts
using this method is based on the forecaster’s subject
matter knowledge.
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3. Method and analysis

exponential smoothing family of models (Gardner, 2006;
Hyndman et al., 2008, 2002; Taylor, 2003), which are
suitable in capturing and extrapolating the levels, trends,
and seasonal patterns in the data. As our data do not
contain seasonality on an aggregate level, we are focusing
on non-seasonal models. We further narrow our focus on
exponential smoothing models with multiplicative trends.
Multiplicative trend models are not usually considered
for demand and supply chain forecasting as they result
in explosive forecasts and, by default, are excluded from
most statistical software, such as some forecasting package in R. However, they are very suitable in our case as
the nature of the data is exponential. Finally, to be able
to capture the significant underlying uncertainty, we opt
for an exponential smoothing model with a multiplicative
error term. While such a choice will generally result in
wider prediction intervals compared to a model with an
additive error, we prefer to err on the side of caution, that
is, project more uncertainty than less.
Given the above judgmental model selection process
(Petropoulos et al., 2018), the only exponential smoothing model that satisfies our criteria is the non-seasonal
multiplicative error and multiplicative trend exponential smoothing model usually denoted as ETS(MMN). The
mathematical formulation of the model is as follows:

3.1. Data, set-up, and model
Our model predicts two variables related to COVID-19,
namely the cumulative number of confirmed cases and
cumulative number of deaths. Our core level of focus is
global; however, we also extend our forecasts to a small
set of countries that responded differently with regard to
addressing the pandemic. We are interested in both pointforecast accuracy and prediction interval performance for
three confidence intervals: 50, 70, and 90%.
We retrieved data per country from the Center for
Systems Science and Engineering (CSSE) at Johns Hopkins University Center for Systems Science and Engineering (2020). This source provides confirmed cases, deaths,
and recovered cases per country (and in some cases per
state) since 2020-01-22,1 which were then aggregated to
a global level. To take into account revisions in the data,
from 2020-04-13 onward, we started creating parallel
databases while keeping the previous set of data to allow
the reproduction of our forecasts. While data revisions
resulted in some cases to slight changes in the past forecasts and prediction intervals, these changes were not
significant. In particular, there were no differences in the
cases that we were over- or under-forecasting.
We followed a rolling-origin evaluation process (Tashman, 2000). We started with 10 data points available
(from 2020-01-22 to 2020-01-31) and produced forecasts
and prediction intervals for the next 10 days (2020-0201 to 2020-02-10). On 2020-02-11, we expanded the
in-sample sets to include 20 data points (from 202001-22 to 2020-02-10) and produced, again, forecasts for
the next 10 days. This process was repeated another 10
times. In total, we produced 12 rounds of 10-step-ahead
non-overlapping forecasts covering a four-month period
from February to May 2020. Our choice on the horizon
(h = 1, . . . , 10 days) is in-line with how governments
are preparing their short-term planning to respond to
this pandemic. For example, in producing their modelling
scenarios and forecasting the short-term trajectory of the
pandemic, the Public Health Agency of Canada (2020) also
uses a 10-day horizon.
We emphasize that, with regard to the confirmed
cases, this is not an ex post evaluation but a real-time
forecasting exercise that has been taking place since the
beginning of this pandemic. The first two authors had
been publishing forecasts and updates every 10 days
through social media (please, refer to their Twitter accounts, @fotpetr and @spyrosmakrid). While the forecasts
for deaths were produced ex-post for the first seven
rounds (up until 2020-04-10), we provided real-time forecasts for this variable as well from mid-April until late
May. All other forecasts presented in this paper have been
prepared ex-post.
We aim to model the large-scale behavior of the data
(Siegenfeld & Bar-Yam, 2020), avoiding microassumptions on a large number of unknown variables
(such as transmissibility or death rates). We resort to the

lt = lt −1 bt −1 (1 + αϵt ),
bt = bt −1 (1 + βϵt ),

µt +h = lt bht ,
in which lt is the estimation of the level component at
time period t , bt is the estimation of the trend component
for the same time period, α and β are the smoothing
parameters for the level and the trend, respectively, h
is the forecast horizon, and, finally, µt and ϵt are the
mean estimate (point forecast) and the error for period t,
respectively. We would like to highlight the multiplicative
interactions of the level, trend, and error terms.
We applied the above model using the ets() function
of the forecast package (Hyndman et al., 2020) for R
statistical software (R version 3.6.0, forecast version 8.11)
through the RStudio Cloud service. It is important to note
that ETS(MMN) lacks analytical expressions, and so the
estimation of the prediction intervals is done via simulation and assuming a Gaussian distribution. The model
parameters were estimated via likelihood maximization,
while a new set of parameters was re-estimated for each
round of forecasts as more data became available. In the
first seven rounds of forecasts for the confirmed cases,
the default parameter restrictions of the ets() function
were used. We then slightly restricted the lower limit for
the smoothing parameters so that α, β ≥ 0.001, as we
noticed that lower values can result in tight prediction
intervals and underestimation of the uncertainty. This
restriction was applied in the last five rounds of the global
confirmed cases (from 2020-04-11 to 2020-05-30) as well
as for all rounds of other variables presented in this
paper.

1 We are using the ISO 8601 format to express dates: YYYY-MM-DD.
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Fig. 1. Forecasts and prediction intervals for the global confirmed cases and deaths.

3.2. Global forecasts and their accuracy

provide the forecasts for the dates depicted in the second
column, which refer to the 10th horizon (the furthest
away from the origin day) of each round, together with
the actual observation on the same day and the error and
two versions of the absolute percentage error (APE), using as denominators the cumulative actuals and the new
confirmed cases/deaths, respectively. We also provide the
expected percentage increase from the last available observation and a measure for uncertainty (last two columns
of Tables 1 and 2). The uncertainty is measured as the
percentage of the difference between the point forecast
and the 50% upper prediction interval in the furthest
horizon, divided by the point forecast. This allows us to
compare the uncertainty levels across different horizons,
given the cumulative nature of the data, that is, lower
values of uncertainty suggest relatively tighter prediction
intervals.
Several observations arise from Tables 1 and 2:

Fig. 1 depicts the point forecasts and the 50%, 70%, and
90% prediction intervals for confirmed COVID-19 cases
(in blue color) and deaths (in red color). The vertical
axis is log-scaled. The first observation from the figure is
that there is a very strong association between the actual
confirmed cases and deaths. As a result, we believe that it
is informative to use the former to predict the trajectory
of a pandemic. A second observation with regard to the
direction of the errors for these two variables is that
in all rounds but one (the third round), the sign of the
forecast error for the furthest horizon of the confirmed
cases and deaths agrees. In other words, if we are overforecasting one variable then it is very likely that we will
also over-forecast the other variable. A third observation
has to do with the prediction intervals. The ETS (MMN)
results in relatively wide intervals; in all but one of the
12 rounds, both variables lie comfortably within the 50%
prediction intervals. While from a calibration point-ofview our forecasts are not ideal, wide prediction intervals
are acceptable in low-predictability situations. In particular, we under-forecasted the confirmed cases and the
deaths in only three and two rounds, respectively, when
the virus started picking up outside mainland China. This
does not necessarily mean that our produced forecasts
were positively biased, but that preventive actions were
taken to limit the impact of the pandemic and that such
actions resulted in changing the established patterns in
the data.
Tables 1 and 2 provide more details on forecasts of
the confirmed cases and deaths, respectively. In detail, we

• A large forecast error is associated with changes in
the observed patterns. With regard to the confirmed
cases, this is true in rounds 1 (where a significant
decline is observed in China), in 4–5 (associated with
the spread in other countries), and in 7–8 (associated
with global measures for controlling the spread, such
as lockdowns). In all other rounds, the percentage of
forecast error for confirmed cases is in single digits.
In particular, the error for the last four rounds is
lower than 3%.
• While the signed error and the APE can inform us
of what happened and whether the applied policies
and measures were successful, the expected increase
7
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Table 1
Actual values, 10-days-ahead forecasts, errors, expected increase and uncertainty for the global confirmed cases.
Round

Date

Actual
(1000s)

Forecast
(1000s)

Error
(1000s)

APE
(%)

APE on
change
(%)

Expected
increase
(%)

Uncertainty
(%)

1
2
3
4
5
6
7
8
9
10
11
12

2020-02-10
2020-02-20
2020-03-01
2020-03-11
2020-03-21
2020-03-31
2020-04-10
2020-04-20
2020-04-30
2020-05-10
2020-05-20
2020-05-30

42.8
76.2
88.4
126.9
304.4
857.5
1691.7
2472.3
3256.8
4101.7
4996.5
6059.0

207.4
82.0
82.9
111.7
209.4
900.5
2173.2
3032.4
3343.9
4209.8
5067.9
6068.4

−164.6
−5.8

384.8
7.6
6.2
12.0
31.2
5.0
28.5
22.7
2.7
2.6
1.4
0.2

501.2
17.4
45.1
39.4
53.5
7.8
57.7
71.8
11.1
12.8
8.0
0.9

1987
92
9
26
65
196
153
79
35
29
24
21

29
177
115
98
95
89
58
69
78
62
58
45

5.5
15.2
95.0
−43.1
−481.5
−560.1
−87.0
−108.1
−71.4
−9.4

Table 2
Actual values, 10-days-ahead forecasts, errors, expected increase and uncertainty for the global deaths.
Round

Date
(of furthest
horizon)

Actual
(1000s)

Forecast
(1000s)

Error
(1000s)

APE
(%)

APE on
change
(%)

Expected
increase
(%)

Uncertainty
(%)

1
2
3
4
5
6
7
8
9
10
11
12

2020-02-10
2020-02-20
2020-03-01
2020-03-11
2020-03-21
2020-03-31
2020-04-10
2020-04-20
2020-04-30
2020-05-10
2020-05-20
2020-05-30

1.01
2.25
3.00
4.65
12.97
42.11
102.53
169.99
233.39
282.71
328.12
369.13

2.36
3.44
4.36
3.73
9.18
45.84
128.59
222.08
252.92
305.71
334.36
376.97

−1.34
−1.19
−1.37

132.7
52.9
45.6
19.6
29.2
8.9
25.4
30.6
8.4
8.1
1.9
2.1

168.0
96.3
182.3
55.3
45.5
12.8
43.1
77.2
30.8
46.6
13.8
19.1

1007
239
94
25
98
253
205
117
49
31
18
15

27
91
69
59
81
68
55
58
51
38
34
31

0.91
3.79
−3.73
−26.06
−52.10
−19.53
−23.00
−6.25
−7.84

can inform decisions made with regard to retaining, strengthening, or relaxing such measures. We
observe a decrease in the expected increase rate in
the last rounds, but still, the trend is substantial: a
24% expected increase in the number of confirmed
cases in round 11 suggests an additional 1 million
confirmed infections in absolute terms in a period
of 10 days.
• Over time, we also observe a decrease in the forecast
uncertainty, in terms of the width of the prediction
intervals. Additionally, the uncertainty in forecasting
deaths is lower than that of the confirmed cases in
all rounds. This is to be expected, as the number
of confirmed cases heavily depends on the number
of tests conducted. While undercounting is to be
expected for both variables, it should be much less
in the number of deaths.

rounds has been low at below 2% at the furthest horizon
(see Tables 3 and 4).
While our proposed simple model performs best at an
aggregate level, it could be equally applied at a country
level. For instance, an application of exponential smoothing with multiplicative trend to forecasting the number
of COVID-19 deaths for the United States results in an
average error of 4.4%, 8.1%, and 16.3% for one, two, and
four-steps-ahead, respectively, when we focus the evaluation for the rounds 6 to 9 of our application (2020-03-21
to 2020-04-30). Doornik et al. (2020) report average errors of 4.9%, 8.8%, and 14.0% for the same lead times
and a similar timeframe (2020-03-24 to 2020-04-25, see
their table 2). Doornik et al. (2020) also mention that
their approach offers superior performance against two
epidemiological models. This suggests that our simple
approach performs well in terms of accuracy against other
published forecasts.

Next, we explore the accuracy of our exponential
smoothing model ETS (MMN) in forecasting the confirmed
cases and deaths for each of the 10 horizons considered. The results are summarized for every four rounds
and overall. For both variables, we observe a noticeable
decrease in the mean absolute percentage error (MAPE)
from the first rounds to the latter ones. The overall forecast error in deaths is generally lower compared to that of
the confirmed cases for the same horizons. For example,
the five-step-ahead MAPE is 9.4 and 7.6% for confirmed
cases and deaths, respectively. At the same time, the
average forecast error for confirmed cases in the latter

3.3. An examination of countries with diverse government
responses
We now compare the death forecasts for three Scandinavian countries, namely Sweden, Denmark, and Norway. The Oxford COVID-19 Government Response Tracker
(University of Oxford, 2020) tracks the stringency level
of each country, which records the strictness of countrylevel policies with regard to the containment of the virus,
such as lockdowns. The stringency level for these three
8
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Table 3
Point-forecast accuracy (MAPE, %) for confirmed cases per horizon.
Rounds

Horizon
1

2

3

4

5

6

7

8

9

10

1 to 4
5 to 8
9 to 12
Average

3.6
2.2
0.2
2.0

4.6
2.2
0.3
2.4

9.8
3.9
0.3
4.7

14.7
5.0
0.3
6.7

20.5
7.2
0.4
9.4

29.1
9.4
0.6
13.0

39.5
11.6
1.0
17.4

54.5
14.6
1.2
23.4

73.9
18.3
1.5
31.2

102.6
21.8
1.7
42.1

Table 4
Point-forecast accuracy (MAPE, %) for deaths per horizon.
Rounds

Horizon
1

2

3

4

5

6

7

8

9

10

1 to 4
5 to 8
9 to 12
Average

3.8
2.1
0.7
2.2

6.5
2.0
0.8
3.1

5.6
3.0
0.9
3.2

8.9
4.9
1.1
5.0

14.2
7.1
1.5
7.6

21.6
9.2
2.2
11.0

30.6
10.9
3.0
14.8

39.7
14.9
3.6
19.4

50.4
19.2
4.2
24.6

62.7
23.5
5.1
30.5

4. Discussion

countries on 2020-03-30 was 38.22, 84.12, and 79.63
(out of 100), respectively, with higher values suggesting
stricter measures.2 For example, the closure of schools
at all levels and the cancellation of public events was
required in Denmark and Norway; at the same time, the
schools’ closure was only a recommendation in Norway,
with no measures taken on cancelling public events. Denmark and Norway recommended the closure of public
transport; Sweden took no similar measures. Denmark
and Norway recommended and required restrictions on
internal movement; Sweden did not. All three countries
have had coordinated public campaigns and similar testing policies (symptomatic & eligible).
In Fig. 2, we present the actual values of deaths per
million in each of these three countries, along with the
10-step-ahead forecasts and the 70% prediction intervals.
Note that we started producing forecasts once 10 or more
non-zero observations became available for each country.
We observe that the differences in measures were translated into significant differences in the number of deaths
per million as well as the respective forecasts.
While Sweden and Denmark were at similar levels
at the end of March, the additional measures taken by
the latter decreased the rate of deaths more effectively
compared to the former. A high stringency index is also
associated with a decreased forecast uncertainty, both in
absolute and relative terms. Whether or not Sweden’s
herd immunity plan was successful can only be judged in
the long term but the results until now have not been encouraging (Tangermann, 2020). Comparing Denmark with
Norway, the former applied stricter policies and measures, such as recommendations to ‘‘stay at home’’. This
is reflected in the difference in the stringency index between the two countries. Regardless, Norway had fewer
deaths compared to Denmark. This can be attributed to
factors out of the governments’ control, such as population density (13.9/km2 for Norway versus 135.7/km2
for Denmark) and the percentage of the population over
65 years of age (17.2% versus 19.6%).3

4.1. Data challenges
Forecasting the trajectory of an early epidemic (before
it becomes a pandemic) is challenging, given that limited
data points are available and that we do not have a good
understanding of the transmissibility and death rates. In
the absence of data and evidence, a possible sensible
approach would be to enforce stronger measures earlier
than later. The fat-tailedness of the situation (Cirillo &
Taleb, 2020) suggests that underestimating the impact
could have catastrophic consequences. At the same time,
others suggest that we need to gain a good understanding
of the situation (and collect more information and data) to
better decide on the appropriate measures to be taken by
policy makers (Ioannidis, 2020). In any case, the absence
of reliable data reduces our ability to accurately predict
the future and take effective actions to minimize the
negative consequences of the epidemic/pandemic.
While the quantity of available information is obviously important, its quality and standardization is arguably even more important. The number of new daily
confirmed cases is obviously not equal to the number of
new cases, due to limited (and different across countries)
testing and the recommendations from health organizations to ‘‘stay home’’ if one has coronavirus-related
symptoms. The number of deaths is also under-reported,
arguably less than that of confirmed cases. The excess
in deaths overall compared to previous years is not consistent with confirmed COVID-19 deaths (Winton Centre
for Risk and Evidence Communication, 2020), with the
differences being more pronounced for older age groups.
Data revisions on the past daily numbers of confirmed
cases and deaths have also been an important factor. For
instance, on 17th April, China added about 1300 new
deaths for the Wuhan area alone (Yan, 2020). However,
data quality issues are expected to differ across countries, with some being better than others in accurately
recording and reporting the status quo.
Regardless of the data limitations and inaccuracies,
the two variables used in this paper, confirmed cases
and deaths, are good indicators for the trajectory of the

2 The data were collected on 2020-05-16.
3 https://www.prb.org/countries-with-the-oldest-populations/ [Accessed on 2020-05-16].
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Fig. 2. Forecasts and 70% prediction intervals for deaths per million in three countries: Sweden, Denmark, and Norway.

pandemic and have been consistently used to inform governments in their decision-making. ‘‘Daily-reported Covid
deaths provide an imperfect picture of the effects of the
epidemic in any country, both due to reporting delays and
the fact that they usually only feature deaths in hospital. Nevertheless, the broad patterns can show the basic
trends over time’’ (Winton Centre for Risk & Evidence
Communication, 2020). It is not unusual in the forecasting
literature to use proxies for estimating an outcome. An
analogy is supply-chain forecasting, where sales are usually used as a proxy for the demand. Moreover, the data
quality issues would be less amplified on an aggregate
(global) level, which is the focus of this study. A toplevel approach offers a smoother, less noisy view which
is easier to forecast.

report both the mean estimate and three levels of uncertainty. The forecast distribution is particularly important
in situations characterized by high uncertainty and can
be used for building extreme scenarios. Arguably, our
approach produces prediction intervals that are relatively
wide. For instance, on 2020-05-21 we predicted that there
was a 5% chance that the actual confirmed cases would
exceed 15 million when the confirmed cases at the end
of 2020-05-20 were 5 million. While this may seem to
be excessive and unrealistic, it is worth pointing out that
in three out of the 11 previous rounds (2020-02-01 until
2020-05-20), we observed that the confirmed cases increased by a factor of 2.4 or higher in an interval of 10
days. Regardless, as we discussed in Section 3, we believe
that it is possibly better to overestimate uncertainty (and
be prepared for more extreme scenarios) rather than underestimate it. Underestimation of the uncertainty (and
under-forecasting) occurred in several of the CDC models
in April 2020 (Best & Boice, 2020).
In this study, we used a single time series model for
producing COVID-19 forecasts. However, a long-standing
result in the forecasting literature is that combinations
of accurate and diverse forecasts will improve the performance of the individual base models (Lichtendahl &
Winkler, 2020). The CDC has utilized forecast ensembles.
The great majority of the individual models in this ensemble have been epidemiological models (Centers for
Disease Control and Prevention, 2020). We believe that
the inclusion of statistical models, like our simple model
or that of Doornik et al. (2020), as well as judgmental
methods, would further increase the accuracy of such
ensembles.

4.2. The performance of forecasts and uncertainty
Producing a set of predictions should not be the end
target in a forecasting exercise. It is crucial that the forecasts are consistently compared against the actual values
and that the model (and its parameters) are updated
as we roll through the origins. Evaluation and measuring errors are described as one of the four main principles in health forecasting (Soyiri & Reidpath, 2013).
Our review of other COVID-19 forecasting models in Section 2 suggests that a significant number of researchers do
not systematically report the accuracy of their previous
predictions, rendering the evaluation of their forecasts
difficult.
A useful forecasting approach should not be limited
to the provision of point forecasts. In our approach, we
10

F. Petropoulos, S. Makridakis and N. Stylianou

International Journal of Forecasting xxx (xxxx) xxx

of a second/third wave. Our forecasts will perform best
when the established patterns remain stable.
Another way to think of this would be as a tracking
signal. If our forecasts show that a rise in cases/deaths
is to be expected, then such forecasts should mobilize
governments to take actions toward slowing down the
transmission rate. In this regard, our forecasts could be
a useful tool for decision-making, predicting what would
happen if nothing changes, by capturing the large-scale
behavior of the data. Such forecasts could be one of the
scenarios explored, and in others investigating the expected impact of particular policies. Note that accuracy is
not necessarily the objective here. Accurately forecasting
an increasing trend of deaths would be much less welcome compared to significantly over-forecasting the same
variable as the result of corrective actions. As such, our
forecasts are not (and should not be) the target but can
be used toward planning and decision-making.
Another limitation of our approach is that it will perform best on an aggregate level. While our approach will
produce reasonable forecasts at a country level (as also
discussed in the previous section for US, Denmark, Sweden, and Norway), its performance is best when considering aggregated data across many countries that provide
an inherent degree of smoothing. An alternative would be
to produce forecasts at a low level of aggregation (country
level or even regional level) and then aggregate the forecasts using the bottom-up approach or even to produce
forecasts at various aggregation levels and reconcile the
differences with hierarchical approaches.
A final limitation of our study is with regard to the
short forecasting horizons considered. While longer-term
forecasts could be appropriate in some settings, shortterm projections can still support decision-makers in
keeping existing measures in place, taking further precautionary actions to minimize the increase in the transmission rate or, if a slow-down is forecasted, to relax the
measures taken. Short-term forecasts can also be used for
healthcare management decisions, such as the number
of nursing staff, bed management, and hospital equipment availability, and in supporting essential retailers in
making decisions toward the application of quotas and
avoiding stockouts.

4.3. Implications
Healthcare systems are becoming increasingly reliant
on predictive analytics to better anticipate demand and
optimize resource allocation. Forecasting is a valuable
tool for predicting health events and situations, like disease outbreaks, which can potentially create excess demand for health services. Forecasting, when used wisely,
can be useful in providing early information to service
providers and policy/decision-makers so they can intervene and take appropriate actions to manage the expected
increased demand. Our analysis suggests that our model is
consistent in accurately forecasting (within specified uncertainty levels) the number of cases and deaths throughout the duration of the pandemic we covered. We believe
that our approach could prove to be useful to public
health officials in order to monitor the spread of the virus.
The results were openly shared on social media platforms
for a period of 120 days, and therefore anyone could have
access to our forecasts to gain an understanding of the
direction of the pandemic and to use them in an ensemble
model.
In times of crisis, such as a pandemic, it is important to
provide informed resource allocation in a timely manner.
We have demonstrated that a simple, quick, accurate
forecasting methodology, which is not computationally
challenging, can have robust and meaningful results that
can be utilized in a timely manner by the appropriate
stakeholder. Models that are simple to explain are usually more trustworthy, increasing the probability of their
usage. In an era of an overwhelming amount of data
and number of models, it is important to be able to
provide a robust tool that can be easily understood and
consequently used to support decisions made by experts.
Forecasting horizons are important in different ways.
In the event of a disease outbreak, the first thing that scientists and decision-makers want to know is the disease
progression and how the crisis is going to develop. Shortterm forecasting, like the one proposed in this study, can
be useful in resource allocation and immediate planning
of healthcare services as well as interventions such as
social isolation and lockdowns. Medium- and long-term
forecasting is more suitable for other planning activities, such as ensuring ventilator availability and vaccine
production in the case of the current pandemic.

5. Concluding remarks

4.4. Limitations

Forecasting the outcomes of a pandemic is a challenging task with massive potential value to decision and
policy makers. Over a period of four months, we published
live short-term, global forecasts for two key variables
related to COVID-19. To do so, we used a simple time
series model suitable for capturing multiplicative trends.
Our proposed time series model has shown good levels of
accuracy and uncertainty, especially as more data were
accumulated. Such forecasts are useful for monitoring
the progression of the disease and helping policy makers
consider appropriate measures to decrease the negative
impacts of the pandemic and to implement actions to
strengthen or relax mitigating interventions.

The simple model that we use to forecast confirmed
cases and deaths for COVID-19 has certain limitations.
As a pure univariate model, it does not take into account the primary drivers of these two variables, such
as governmental actions. Simply, our model extrapolates
established patterns in the data, assuming that these patterns are true and will continue to hold in the future.
Our forecasts will be negatively biased (over-forecast)
when actions are taken to prevent the rise of the cases
and deaths, such as enforcing lockdowns. Similarly, our
forecasts will be positively biased when new spikes in the
cases/deaths are observed, as a result, for example, of the
transmission of the virus to new territories or in the event
11
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Lessons learnt:

could have appeared to influence the work reported in
this paper.

• It is imperative that we accept that the next pan-

•

•
•

•

•

•

demic will also come as a complete surprise and we
must be better prepared to face it, even though it
may be several years away.
More focus must be put on collecting high-quality
data that follow standardized definitions supplied by
the World Health Organization.
Simple forecasting models that focus on the largescale behavior of the pandemic can be useful.
Avoiding making unnecessary micro-assumptions
simplifies the forecasting process and makes it more
transparent to policy and decision-makers.
Time series models are suitable for short-term forecasting of pandemics if they can capture the exponential patterns in the data and as long as such
patterns remain constant.
More computationally intensive and data-hungry
models do not necessarily perform better, while they
may not even be applicable at the very early stages
of a pandemic.
Forecasting performance should be an integral part
of publishing and communicating predictions.
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Could future research improve the forecasting of pandemics? Perhaps some improvements are possible by developing new methods that combine forecasts from many
diverse sources, including time series and epidemiological
models and using more and higher quality data. Moreover,
the performance of models could be enhanced utilizing
a higher quality and more disaggregated levels of data
(country and local levels as well as age-specific), possibly
through using hierarchical structures and longer forecast
horizons. Finally, models could also be adjusted to forecast more outbreak-specific variables, such as demand for
ventilators and intensive care unit beds. Although many
mistakes were made in dealing with COVID-19, there is
a lot to learn from the experience gained so far to help
humanity prepare for future pandemics.
Other critical questions for future investigation relate
to the long-term conduct of the pandemic and its human
and economic impact. Will there be a second and/or third
wave? How many people will become infected? What
percentage of the infected will die? What will happen
as the lockdowns are removed, and social distancing is
relaxed? Will the spread of the virus increase? Will the
lockdowns and social distancing lead to a major economic recession or even a depression? How will the stock
market react, after first ignoring the pandemic until 2nd
March when it achieved an all-time high (in the USA),
then losing more than a third of its capitalization 24
days later, and then almost reaching its previous all-time
height at the beginning of June? What will happen to the
60 million people being pushed into ‘‘extreme poverty’’
by the effects of the coronavirus (David, 2020)? Will the
pandemic end without a vaccine and how long will it take
until such a vaccine becomes available?
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