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Foreword 
 
The present report aims to provide a comprehensive picture of the pandemic situation of COVID-19 in the 
EU countries, and to be able to foresee the situation in the next coming days. We provide some figures and 
tables with several indexes and indicators as well as an Analysis section that discusses a specific topic related 
with the pandemic. 

As for the predictions, we employ an empirical model, verified with the evolution of the number of confirmed 
cases in previous countries where the epidemic is close to conclude, including all provinces of China. The 
model does not pretend to interpret the causes of the evolution of the cases but to permit the evaluation of 
the quality of control measures made in each state and a short-term prediction of trends. Note, however, 
that the effects of the measures’ control that start on a given day are not observed until approximately 7-14 
days later. 

We show an individual report with 8 graphs and a summary table with the main indicators for different 
countries and regions. We are adjusting the model to countries and regions with at least 4 days with more 
than 100 confirmed cases and a current load over 200 cases. 
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Situation and highlights 

Global situation 

Today we focus our attention on a small 
country, Andorra. With a population of 
77,543 inhabitants, it has a per capita 
income of $40,886, a value higher than its 
neighbors France $40,494 and Spain 
$29,614. A country with a high quality 
health care system which, in some 
rankings, appears among the top 5 in the 
world. Its health expenditure per capita is 
$4,041, slightly lower than that of France 
$4,380, but much higher than that of Spain 
$2506. 
During the months of March and April they 
properly controlled the pandemic, despite 
reaching A14 values higher than in France 
and Spain. They finally managed to have 
even a few days with zero new cases. 
Despite this, in mid-July the epidemics 
came back and started a systemic growth. 
Right now, and from mid-September, new 
cases clearly exceed that of their two 
neighbors France and Spain on a per 
capita basis. It is currently the country 
with the largest A14 in the world, and at the 
same time, probably one of the countries 
with the highest number of tests per 
capita. 

Andorra is a country of services (hiking, ski 
slopes, trade), its economy depends 
largely on the visits of its neighbors from 
France and Spain. An important part of the 
tourist visits are a day or a few days, visits 
for shopping, for excursions, to enjoy the 
ski slopes. 

If we consider the influence of tourism on 
the epidemiological situation, it may 
initially seem that the incidence should be 
proportional to the weighted average of 
the country and the countries of the 
visitors. Looking at the behavior of 
Andorra, we may have to assess that the 
situation depends especially on the number of contacts that are made, not just on the incidence of the 
country of origin. In other words, if we have many visits we might have a lot of contacts with contagious 
people. This needs to be carefully evaluated. The possible conclusions are not only important for Andorra, 
but for all possible tourist destinations. 
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If the hypothesis of an above-average contact level for destinations mainly based on tourism were correct, 
Andorra would have to close its borders to reduce the incidence, and let epidemiological surveillance control 
the internal situation.  

 

Situation and trends per country 

Maps of current situation in EU countries. Colour scale is indicated in each legend. 

• Cumulative incidence: total number of reported cases per 100,000 inhabitants 
• A14: Cumulative incidence last 14 days per 100,000 inhabitants (active cases) 
• ρ7: Empiric reproduction number  
• EPG: Effective Potential Growth (𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐴𝐴14 · 𝜌𝜌7) 
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Tables of current situation in EU countries. Colour scale is indicated in each legend. 

Incidence, mortality and epidemiological indexes. 

 

Table of current situation in some EU provinces. Colour scale is indicated in each legend. 
 

 
 

(1) ρ7 is the average of 7 consecutive ρ, but can still fluctuate. (2) EPG stands for Effective Growth Potential, which is the 
product of reported cumulative incidence of last 14 days per 105 inhabitants by ρ7 (empiric reproduction number). 
Biocom-Cov degree is an epidemiological situation scale based on the level of last week’s mean daily new cases 
(https://upcommons.upc.edu/handle/2117/189661, https://upcommons.upc.edu/handle/2117/189808). 
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Situation of hospitalisations and ICUs in some EU countries. The analysis is done for those countries that 
report a historical series with current (active) number of patients in hospitals and ICUs1. We provide: 

• Current active hospitalisations and patients in ICU per 100,000 inhabitants. 
• Current absolute number of active hospitalisations and patients in ICU. 
• Rate of occupation of curative care hospital beds by Covid-19 patients (data from Eurostat 20182), 

only for hospitalisations. 
• Current rate of occupation with regards to the maximum Covid-19 occupation reached in this 

pandemic. 
• Weekly increase in Covid-19 patients in hospitals and ICUs. 

 

 
 
 
 
 

 

                                                           
1 https://github.com/ec-jrc/COVID-19 
2 https://ec.europa.eu/eurostat/databrowser/view/hlth_rs_bds/default/table?lang=en 
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Situation and trends in some European regions3 

Table of current situation in Spain regions. Colour scale is indicated in each legend.  

 

Table of current situation in Sweden regions. Colour scale is indicated in each legend.  

 

 

Table of current situation in Belgium regions. Colour scale is indicated in each legend.  

                                                           
3 https://github.com/ec-jrc/COVID-19/tree/master/data-by-region 
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Table of current situation in Italy regions. Colour scale is indicated in each legend.  

 
 

Situation and trends in other countries 

 
 

(1) ρ7 is the average of 7 consecutive ρ, but can still fluctuate. (2) EPG stands for Effective Growth Potential, which is the 
product of reported cumulative incidence of last 14 days per 105 inhabitants by ρ7 (empiric reproduction number). 
Biocom-Cov degree is an epidemiological situation scale based on the level of last week’s mean daily new cases 
(https://upcommons.upc.edu/handle/2117/189661, https://upcommons.upc.edu/handle/2117/189808). 
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Analysis: On the use of artificial intelligence to improve empiric prediction. A 
collaboration with Facebook AI (Part I). 

The pandemic has put forward the key question of modeling to assess the short medium and long-term 
evolution of COVID19 incidence and hospital resources. Computer and mathematical models come in very 
different flavors but different versions of them have been useful to evaluate the short-term evolution and 
the short-term requirements under some specific situations. 

In this assessment we review the models that can be useful to assess the evolution of the epidemics, the 
different time scale of prediction and the problems that hose model have to overcome to predict properly 
medium and long-term scenarios. Finally, we argue that a key aim of the models should be to assess 
quantitatively what is going to be the evolution of the epidemics in the following 2-3 weeks unconditionally 
and that empiric artificial intelligence models provide a good framework to advance in this direction. 

Types of models 

First, we divide the different models according to the type of general idea behind them. We classify here the 
models as mechanistic aiming for unconditional prediction, empirical aiming for unconditional prediction, 
and scenario-model aiming for conditional predictions. 

Mechanistic models: These are models where the process of infection and social interactions is tried to be 
modeled as accurate as possible in a computer following mathematical equations of behavior rules. Real 
populations are presented with interactions that try to reproduce reality, and the evolution of the virus and 
its infection process is also reproduced in order to obtain a mechanistic evolution of the disease. Models can 
include randomness in some of its features and average behavior can be assessed. A brilliant example of this 
type of models and insights is the recently published model in PNAS by Mario Castro, Saúl Ares, José A. 
Cuesta, and Susanna Manrubia4 analyzing the present predictability limit of such models 

Empiric models: These models do not try to reproduce the mechanics of the disease but use all the data 
available regarding incidence, mobility data, levels of hospitalizations, PCR testing level, in order to evaluate 
how the system behaved in the past. Trying to unveil of how the system responded or behaved in the past 
allows to make prediction about how the system will behave in the future. As an example, the empirical 
model developed by the group and accepted recently in PLOS Computational Biology using Gompertz empiric 
function5. 

Scenario/structural models: These models do not try to reproduce accurate the mechanistic nature of the 
epidemics either because of its simplicity or because, despite being complex, a significant number of key 
parameters in the evolution of the epidemics is unknown. In these cases, these models allow to gain insight 
on key features of the epidemics and put forward possible scenarios of the pandemic normally in the medium 
and long-term with the conditionality that the parameters or the structure of the description of the epidemics 
are correct. A classic example of these is the report in Science “Projecting the transmission dynamics of SARS-
CoV-2 through the postpandemic period”6.   

Temporal scale of the predictions 

Different models normally aim at different time scales of prediction. We list now the basic time scales of the 
epidemics and how the effects involved in its evolution appear.  

                                                           
4 https://www.pnas.org/content/early/2020/09/30/2007868117 
5 https://upcommons.upc.edu/handle/2117/188714  
6 https://science.sciencemag.org/content/368/6493/860  
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One-week scale (short-term): This time scale is the characteristic time of infection cycle with people, on 
average, having 4-7 days without symptoms before the onset of the disease for those symptomatic. So, 
predicting at one-week scale is related with the ability to project from present level of infections the next 
generation of infected people. Given that at this time scale no other issues are involved except for the 
infection pattern, mechanistic and empirical model have been developed to predict accurately at this time 
scale (see our recently accepted paper for example). 

Three/four-week time scale (medium-term): This time scale is the relevant one both in the delays between 
infection, bad prognosis and death, and also the time scale at which intervention changes form health 
officials can have an effect. In some countries, we must add mobility and interaction patterns can also change 
at the one-month or two months scale. In southern Europe mobility changes strongly in different key dates 
related with work, school, holidays and weather, for example. In this sense changes in mobility and weather 
might have already an effect at this time scale. 

Three/six-month time scale (long-term): At this time scale not only the effect of short-term interventions, 
mobility and possible weather effects are incorporated but also the evolution of the perception of risk and 
general behavior of the population might have changed. Similarly, development of new drugs or treatments 
can influence these perceptions. 

Discussion of models and temporal scales 

The state of the art of modeling, at present, does not allow any quantitative prediction at the three-month / 
half-year with any degree of accuracy. As far as we understand, small changes in the behavior can have major 
effect over time. On the other hand, major events like the development of drugs, the effect of message 
campaigns, the improvement of epidemiological surveillance can hardly be predicted at all. Actually, even 
putting any kind probability to its success or development seems impossible to us. We do not have pass to 
compare with as prediction of political outcomes in elections have. 

At the three-month/half a year time scale we can only have scenarios where different possibilities are 
assessed regarding the influence of weather, mobility, personal behavior and epidemiological surveillance 
trying to assess when it is more probably to have large increases incidence. A very important recent paper 
(Saul Ares in PNAS) points out to the impossibility of rendering accurate prediction with a horizon larger than 
one month. 

On the other hand, prediction at the one-week scale have been already been developed, with both 
mechanistic and empirical models producing very similar results. The reason is that mechanistic and empirical 
model both need to be calibrated in a certain sense given some major unknowns in this epidemic. As of know 
the key unknowns for mechanistic models are the fraction of asymptomatic, the evolution of infection 
capabilities according to age and symptoms and the relevance of the infections that are not at very close 
contact but at 2m-5m length scale. All of them have to be parametrized and calibrated, rendering mechanistic 
models very close to empirical models right now. 

Parametrization of mechanistic models can provide key insights regarding the major unknowns of the disease 
process and we hope that soon the key features of the transmission will be unveiled. This will allow for 
reliable one-week prediction are something more than empirical models. 

Actual need of medium-term predictions 

With this framework in mind, the key goal should be to develop a model that can go further than one week, 
where mobility, weather and interventions can be assessed even at the probabilistically or empirical level. 
The development of mechanistic models that take into account all these effects is impossible right now. Even 
in the case that mechanistic models can be deployed accurately to model infection propagation with most of 
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the parameters of the disease known, the effect of mobility, weather and human behavior is out of the scope 
of them. In other words, medium-term predictions have to be analyzed, so far, with scenario/structural 
models. In this sense, accurate short-term mechanistic models may play the role of scenario-models in 
medium-term prediction. This is, they can provide conditional predictions. In other words, they might predict 
properly if there is no change in the legislative framework, human behavior in assessing risk or environmental 
effects. 

Still, our input from health officials is that they wish/require precisely this three-week/one month prediction 
in unconditional terms. This is, they would like to know the evolution of the epidemics for a given set of 
health measures. 

We are, again, with the same problem that mechanistic models faced when the epidemics started, with a 
general lack of data on how movement restrictions or other type of legislation affect the evolution of the 
disease. Similarly, weather prediction can be incorporated still with the deep lack of knowledge on how 
humidity of temperature may (or might not) have influence on the evolution. 

Proposal of a new type of model based in AI 

In this situation, our proposal is that the proper way to advance in the solution of this problem is to develop 
more complex empirical epidemiological model given the lack, again, of the proper parameters. However, in 
this situation, given the complexity of the problem one should use multiple data sets, since not only the 
number of new cases can be important. Hospitalization, levels of mobility and weather variables, among 
others, can be important. Furthermore, the evolution of the epidemics under different legislation measures 
requires comparisons of the evolution of one region/province with those that are neighbors and may have 
had in the past similar or different restrictions. 

This leads us to an empirical framework where multiple data should be used and complex patterns be 
detected. However, empirical models with a large number of parameters will certainly have the problem of 
overfitting, giving the huge number of variables at play. So, the empirical model of choice must a rather 
robust training Artificial Intelligence plus a way to deal with the overfitting problem. With these two 
ingredients, one can try to train the Artificial Intelligence with European data or subnational data in European 
countries in order to check whether 3-week unconditional predictions are possible. 

We are glad to announce that we are now collaborating with Facebook AI to test how this type of modeling 
can work in the European Union. We will discuss our contributions and details of how we plan to extend 
and evaluate the forecasts to European countries in the next report. 
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Legend: Countries’ reports details 
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(1) Analysis and prediction of COVID-19 
for EU+EFTA+UK 
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(2) Analysis and prediction of COVID-19 
for other countries 
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(3) Analysis and prediction of COVID-19 
for Spain and its regions 
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Methods 

(1) Data source 

Data are daily obtained from European Centre for Disease Prevention and Control (ECDC)7 and country official 
sources (when indicated). Daily data comprise, among others: total confirmed cases, total confirmed new 
cases, total deaths, total new deaths. It must be considered that the report is always providing data from 
previous day. In the document we use the date at which the datapoint is assumed to belong, i.e., report from 
15/03/2020 is giving data from 14/03/2020, the latter being used in the subsequent analysis.  

(2) Data processing and plotting 

Data are initially processed with Matlab in order to update timeseries, i.e., last datapoints are added to 
historical sequences. These timeseries are plotted for individual countries and for the UE+EFTA+UK as a 
whole: 

 Number of cumulative confirmed cases 
 Number of reported new cases 
 Number of cumulative deaths  

Then, two indicators are calculated and plotted, too: 

 Case fatality rate: number of cumulative deaths divided by the number of cumulative confirmed 
cases, and reported as a percentage; it is an indirect indicator of the diagnostic level. 

 ρ: this variable is related with the reproduction number, i.e., with the number of new infections 
caused by a single case. It is evaluated as follows for the day before last report (t-1): 

𝜌𝜌(𝑡𝑡 − 1) =
𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛(𝑡𝑡) + 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛(𝑡𝑡 − 1) + 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛(𝑡𝑡 − 2)

𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛(𝑡𝑡 − 5) + 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛(𝑡𝑡 − 6) + 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛(𝑡𝑡 − 7) 

where Nnew(t) is the number of new confirmed cases at day t after applying a 7-day moving average 
to the new cases dataset, so that fluctuations (e.g., weekend effect) are smoothed.  

(3) Classification of countries according to their epidemic level: the scale Biocom-Cov 

Countries are assigned a degree in the discrete Biocom-Cov scale, which aims to facilitate a simple way of 
assessing the situation of the country. It is based on the level of daily new cases per 100,000 inhabitants as 
follows: 

Pandemic degree Daily new incident 
cases per 105 inh. 

0 0 
1 0-0.1 
2 0.1-0.5 
3 0.5-1.25 
4 1.25-2 
5 2-3 
6 3-5 
7 5-8 
8 8-14 
9 >14 

 

                                                           
7 https://www.ecdc.europa.eu/en/geographical-distribution-2019-ncov-cases 

93

https://www.ecdc.europa.eu/en/geographical-distribution-2019-ncov-cases


 

 

(4) Fitting a mathematical model to data 

Previous studies have shown that Gompertz model8 correctly describes the Covid-19 epidemic in all analysed 
countries. It is an empirical model that starts with an exponential growth but that gradually decreases its 
specific growth rate. Therefore, it is adequate for describing an epidemic wave that is characterized by an 
initial exponential growth but a progressive decrease in spreading velocity provided that appropriate control 
measures are applied. Once in the tail, predictions work but the meaning of parameters is lost. 

Gompertz model is described by the equation:  

𝑁𝑁(𝑡𝑡) = 𝐾𝐾 𝑒𝑒−𝑙𝑙𝑛𝑛 � 𝐾𝐾𝑁𝑁0
�· 𝑛𝑛− 𝑎𝑎·(𝑡𝑡−𝑡𝑡0)

 

where N(t) is the cumulated number of confirmed cases at t (in days), and N0 is the number of cumulated 
cases the day at day t0. The model has two parameters: 

 a is the velocity at which specific spreading rate is slowing down; 
 K is the expected final number of cumulated cases at the end of the epidemic. 

This model is fitted to reported cumulative cases of the UE and of countries that accomplish two criteria: 4 
or more consecutive days with more than 100 cumulated cases, and at least one datapoint over 200 cases. 
Day t0 is chosen as that one at which N(t) overpasses 100 cases. If more than 15 datapoints that accomplish 
the stated criteria are available, only the last 15 points are used. The fitting is done using Matlab’s Curve 
Fitting package with Nonlinear Least Squares method, which also provides confidence intervals of fitted 
parameters (a and K) and the R2 of the fitting. At the initial stages the dynamics is exponential and K cannot 
be correctly evaluated. In fact, at this stage the most relevant parameter is a.  

It is worth to mention that the simplicity of this model and the lack of previous assumptions about the Covid-
19 behaviour make it appropriate for universal use, i.e., it can be fitted to any country independently of its 
socioeconomic context and control strategy. Then, the model is capable of quantifying the observed 
dynamics in an objective and standard manner and predicting short-term tendencies.  

(5) Using the model for predicting short-term tendencies 

The model is finally used for a short-term prediction of the evolution of the cumulated number of cases (3-5 
days). The confidence interval of predictions is assessed with the Matlab function predint, with a 99% 
confidence level. These predictions are shown in the plots as red dots with corresponding error bar. For series 
longer than 9 timepoints, last 3 points are weighted in the fitting so that changes in tendencies are well 
captured by the model. 

(6) Estimating non-diagnosed cases 

Lethality of Covid-19 has been estimated at around 1 % for Republic of Korea and the Diamond Princess 
cruise. Besides, median duration of viral shedding after Covid-19 onset has been estimated at 18.5 days for 
non-survivors9 in a retrospective study in Wuhan. These data allow for an estimation of total number of 
cases, considering that the number of deaths at certain moment should be about 1 % of total cases 18.5 days 
before. This is valid for estimating cases of countries at stage II, since in stage I the deaths would be mostly 

                                                           
8 Madden LV. Quantification of disease progression. Protection Ecology 1980; 2: 159-176. 
9 Zhou et al., 2020. Clinical course and risk factors for mortality of adult 
inpatients with COVID-19 in Wuhan, China: a retrospective 
cohort study. The Lancet; March 9, doi: 10.1016/S0140-6736(20)30566-3 
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due to the incidence at the country from which they were imported. We establish a threshold of 50 reported 
cases before starting this estimation.  

Reported deaths are passed through a moving average filter of 5 points in order to smooth tendencies. Then, 
the corresponding number of cases is found assuming the 1 % lethality. Finally, these cases are distributed 
between 18 and 19 days before each one.  
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