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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
We, humans, need sometimes to do a comparison
to understand the real magnitude of events.
Covid-19 is a real catastrophe, although there is
still a significant part of the population that
speaks ill of restrictions on social interactions.
During the American intervention in the Vietnam
War from 1960 to 1973, there were between
1,750,000–2,100,000 fatalities. As of December
2020, there are officially 1,798,050 Covid-19
deaths recorded. The pandemic, in one year or
less, has been as cruel as the 13-year war in
Vietnam. In a war, the consequences are not only
the deaths, nor in the pandemic, the social and economic damage is also
very significant.

Table. Countries with more than
10,000 Covid-19 fatalities during
2020.

Similarly, during 2020, 447,043 deaths have been officially recognized in
EU+EFTA+UK countries due to Covid-19, almost half a million deaths. The
same deaths are considered to have been caused during the Spanish Civil
USA
War (1936-39).
Brazil
Comparing the pandemic with wars is not the most convenient thing,
India
wars are the result of a lack of humanity, of the abuse of arrogance. The
Mexico
pandemic demands just the opposite: humanity, humility, and joint work.
Italy
We must keep in mind that the deaths caused by Covid-19 are more than
United Kingdom
those officially recorded. Besides, people who have died from Covid-19
directly and diagnosed, others have died perhaps from other causes but France
also from Covid-19. Still, even more people have died from other causes Russia
without Covid-19 but partially related to it because the health system was Iran
Spain
overwhelmed making treatment difficult.
Argentina
Indeed, we are facing a catastrophe of enormous magnitude, with many
Colombia
victims in Europe, but also in North America, South America, or India. If
Peru
we add up the social and economic consequences, we see that we are
Germany
facing an earthquake or a tsunami on a global scale. It is necessary to
Poland
explain this reality. The general population needs to understand the
South Africa
magnitude of the problem. In the face of epidemiological depletion, the
Indonesia
population needs to be well aware of the situation. The coming months
Turkey
will be very difficult, more than ever we need understanding, tolerance,
Belgium
and solidarity.
Ukraine
Highlights
Chile
• Countries at highest risk (EPG>1000) are Czech Republic (4180), Romania
Lithuania (1153), United Kingdom (1116) and Lichtenstein (1101) Canada
• Countries with highest spreading rate (ρt) are Cyprus (1.7), Ecuador
Ireland (1.5), Czech Republic (1.4), Portugal and United Kingdom Iraq
Czech Republic
(1.3).
• Three countries have more than 1% active cases (Lichtenstein, Netherlands
Lithuania and Czech Republic).
Pakistan
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Deaths
2020
335789
192681
148738
123845
73604
72548
64004
57019
55095
50442
43018
42620
37574
33071
28554
28033
21944
20642
19441
18533
16499
15596
15378
14023
12808
11580
11330
10047

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 )
Cumulative incidence

A14

ρ7

EPG

NA

NA
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Tables of current situation in EU countries. Colour scale is indicated in each legend.
Incidence, mortality and epidemiological indexes.

Positivity indicators, comparing the increase among two last weeks (relative change).
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Table of current situation in some EU provinces. Colour scale is indicated in each legend.

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).
(1)

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 ICUs 1. We provide:
•
•
•
•
•

1
2

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 2018 2),
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.

https://github.com/ec-jrc/COVID-19
https://ec.europa.eu/eurostat/databrowser/view/hlth_rs_bds/default/table?lang=en
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Evolution of of active ICUs in some EU countries.
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Situation and trends in some European regions 3
Table of current situation in the Netherlands by region. Colour scale is indicated in each legend.

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

Situation and trends in other countries

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).

(1)
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Analysis: On the study of spatially distributed SIR models (II). Local vs global
interactions.
In the previous assessment 1, we discussed how SIR models can be meaningful again to track the epidemics
as a larger fraction of the population is not susceptible to the infection thanks to immunity. This immunity
can come from vaccines that are being deployed now or due to high accumulated cases in certain regions.
For example, the last experimental data indicates that in certain regions, 20% of the population has had
Covid-19.
We showed that the stochastic nature of the models requires the average of hundreds of simulations and
that the evolution of simplified models without noise which tracks average do not correspond exactly with
the same models in the presence of noise regarding the time scales involved.
With this idea in mind, it is time to present how spatial information can be visualized and introduced in the
model. We first propose a visualization array where the spatial information can be obtained using the
unrealistic assumption that everyone can interact with everyone. This unrealistic description allows us to
introduce the visualization tool, as well as to check how a model where infections are not related with
distance can be immediately mapped to a stochastic version of an SIR model without space.
Then, we proceed to have a simplified version of another extreme scenario that cannot be reduced to the
average description but it is, in the same sense, unrealistic. We will check how a case where someone only
infects its very close social contacts produces remarkably different spatial evolutions. We will leave the
analysis and the relevance of these structures for a future assessment.
Spatial stochastic visualization of the SIR model without spatial interactions
We start now with a spatial visualization of the simple stochastic model employed in the previous
assessment. We propose to randomly distribute in a two-dimensional grid all the individuals for the
visualization of the infections. Each individual is either black (susceptible), red (infectious), or green
(recovered and immune or dead). Each temporal step, defined roughly as the time scale of 1 week, we can
draw all the dots. Those that are newly marked with red indicate the new infections and those newly marked
with green the recovered individuals.
We begin with randomly distributed initial infectious and allow that each infected point can infect any other
point with a small probability. The sum of all the small probabilities along the space gives rise to the
reproductive number R0. In Figure 1, one can observe the lack of spatial structure of a single stochastic
evolution of 316 by 316 individuals, this is, roughly 100,000 people. The new cases are homogeneously
distributed in the space and there is an important growth of new cases till the saturation of the system is
reached due to the herd immunity. After a time step where all the probable interactions are considered, we
update the grid and the previous infected points become recovered (marked by green colour) and the new
infected in the previous time step become infective. This process is repeated each time step.
Given the size of the system, it is difficult to observe how the infection advances. To observe it more clearly,
we present in Figure 2 the same type of evolution but for 400 people (20 by 20). In this case, one can clearly
observe how the infected people appear without spatial structure along the grid and eventually they become
immune with each red dot doing a transition to green. As it can be observed, there is no spatial structure in
this evolution.

1

https://upcommons.upc.edu/handle/2117/334961
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Figure 1: Numerical integration of a single run of the stochastic equations of the SIR model with N =316x316
individuals distributed in a square grid. Red grid points and green grid points represent infectious and recovered
individuals, respectively. Initial reproductive number is R0=1.5. Snapshots correspond to times 1, 5, 10, 15, 20 and 25.

Figure 2: Numerical integration of a single run of the stochastic equations of the SIR model with N =20x20 individuals
distributed in a square grid. Initial reproductive number is R0=1.5. Red grid points and green grid points represent
infectious and recovered individuals respectively. Snapshots correspond to times 1, 2, 3, 4, 5, 6, 7, 8, 9 and 10.

We must notice here a couple of important points. First, in this simplified version all people make the same
transition to immunity on average at the same time in a non-stochastic manner. So, here we can clearly track
what the model is doing in this infection process and that it behaves as expected. It will be very important in
the future to add also some noise on the amount of time that each person stays infected. Actually, one could
include other stages as hospitalization or UCI admissions to track different subpopulations. For the moment,
we just want to focus on the spatial evolution
Second, the key feature of this model (as any SIR model) is that, despite each individual having the same
probability to infect each other as a function of time, the reduction of available susceptibility makes the Rt
decrease with time as in the deterministic SIR model (see previous assessment). The fact that a fraction of
those contacts has already been infected and is immune establishes a clear difference between Rt and R0.
Let us focus on this second figure, where we can observe how the system proceeds within very few time
steps (few weeks). From the initial infected individual introduced in the system, three other individuals are
11

infected (therefore, the measured reproductive number is 3, Rt=3), see red points in the second snapshot in
Fig 2. In the next time step, from the three infected individuals, 4 more individuals are infected (Rt =4/3=1.33).
In the following time step, 10 more individuals become infected (Rt =10/4=2.5). Because of the low number
of individuals in these simulations, the fluctuations are large and the value of Rt strongly fluctuates. However,
the small size facilitates the following of the dynamics. On average, the number of infections will be reduced
as more people are immune. Although we had introduced a probability of infection R0=1.5 the first individual
infects 3 other individuals due to the randomness of the stochastic process.
It is now the moment to check how the average evolution reads. This is, repeating the same stochastic
simulation 200 times and averaging these realizations. In Fig.3 we show the dynamics of the epidemics in the
homogeneous spatial system without spatial interactions for different values of R0. The increase in
propagation velocity is clearly visible for the increase on the parameter R0, and the dynamics of the
parameter Rt (defined in the previous report as 𝑁𝑁(𝑡𝑡 + 𝛥𝛥𝛥𝛥)/𝑁𝑁(𝑡𝑡)) indicates the effect of the saturation of the
cumulated number of cases. The subsequent decrease in N(t) after the maximum is shown in left panel of
Fig. 3.

Figure 3: Numerical integration of several runs of the stochastic equations of the SIR model with N =316x316
individuals distributed in a square grid for different values of R0 averaged over 200 realizations. Left panel shows the
number of new daily new cases and right panel shows the evolution of the value of Rt for the four realizations.

Note that the beginning of the decrease in the number of daily new cases on the left panel in Fig.3 coincides
with the crossing of the calculation of Rt the value of 1 on the right panel in Fig.3. The final fluctuations
correspond to a low number of cases originated from the decrease in cases. The value of Rt evolves with time
as predicted by the calculations from the SIR model shown in the previous report because there is no spatial
interactions in the simulations.
Spatial stochastic visualization of the SIR model with local spatial interactions
It is now time to introduce a model with spatial information in the spatial structure developed. As a matter
of fact, introducing a spatial model means establishing rules for infection as a function of distance. Once,
we have a spatial model, we can change the random infection along with the whole system into a more
restricted area close to the infected individual, following diffuse dynamics or other infection patterns. Note,
however, that distance here means social distance and not physical distance.
We start here with the simpler case, the diffusion process. Each infected individual cannot infect other
individuals which are not in very close contact with him/her. In the example we propose now, we take the
complete opposite case to the one seeing in the previous section. Instead of being able to infect anyone,
people can only infect those that are really in very close contact with it.

12

We simplified this process by assuming that all people have the exact same number of close contacts: 4. This
is obviously not true, but families of 4 or other tight interactions do indeed have this ballpark number so it is
a perfect scenario to start with: the infectious individual can infect the four individuals which are in close
contact in our quadratic visualization grid. We must notice that other topological arrangements, for example,
a hexagonal network o a three-dimensional cubic grid, can be considered to produce different quantitative
results, although the qualitative evolutions at this level are equivalent. Key differences will appear when
people are indeed heterogeneous and have a different number of close contacts, or when they can indeed
have some interactions different than only those 4 close contacts.
In this framework, the probability of having an infection from an infected individual has to be renormalized
to the corresponding value of R0. The following figures show the kind of structures that we encounter as time
proceeds. While for R0=1.5 the epidemic stops, see Fig. 4, for R0=2.0 the epidemic propagates to the
surrounding individuals, see Fig. 5.

Figure 4: Numerical integration of a single run of the stochastic equations of the SIR model with spatial diffusive
interaction for N =316x316 individuals in a square grid. Red grid points and green grid points represent infectious and
recovered individuals, respectively. Initial reproductive number is R0=1.5. Snapshots correspond to times 5, 20, and 40.

Figure 5: Numerical integration of a single run of the stochastic equations of the SIR model with spatial diffusive
interaction for N =316x316 individuals distributed in a square grid. Red grid points and green grid points represent
infected individuals and recovered individuals respectively. Initial reproductive number is R0=2.0. Snapshots correspond
to times 5, 20, 40, 60, 80 and 100.
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Conclusions
The key idea behind our first social-distance proposal (diffusion) is that it allows us to check what is the ability
to propagate those waves from the initial focal points as a function of the transmissibility of the virus. The
fact that a person can only infect those in its very immediate bubbles and that those bubbles are socially
adjacent without large scale connectivity between bubbles is the perfect way to check if forbidding any kind
of large-scale social contact protects the group.
The first substantial result is that for R0 =1.5, a value employed in the simulation without interactions in Fig.1,
there is no propagation of the epidemics and it disappears in the case where one can only interact with its
own bubble and bubble are adjacent in social space, see Fig. 4. To obtain the wave we present in figure 5, we
need to increase this number to almost R0=2.0. From a randomly selected initial focus, the epidemics
propagate along with the system as infective waves. Some of the initial focus do not manage to propagate
the infection and rest as recovered in the two-dimensional space. The majority of points for these conditions
show the propagation which is much slower than in the case with R0=1.5 discussed in Fig.1, note the time
steps need to arrive at the last snapshot.
In other words, a system where social contacts are reduced to very close bubbles, and these very close
bubbles are adjacent in social space, prevents a very strong propagation of the epidemics in a wave-like
form. This powerfulness of this result requires a detailed analysis in the following report.
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Legend: Countries’ reports details

Reported
cumulative cases
(blue) and deaths
(brown),
together with
predictions (red)

Predictions and
indicators

Incident observed
cases in a
logarithmic scale,
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degree.
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observed cases
and
predictions.

Evolution of
empiric
reproduction
number ρ7

Case fatality
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Risk
diagram

Risk diagram of
last 15 days
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Methods
(1) Data source
Data are daily obtained from European Centre for Disease Prevention and Control (ECDC) 2 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):
𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛 (𝑡𝑡) + 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛 (𝑡𝑡 − 1) + 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛 (𝑡𝑡 − 2)
𝜌𝜌(𝑡𝑡 − 1) =
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
0-0.1
0.1-0.5
0.5-1.25
1.25-2
2-3
3-5
5-8
8-14
>14

0
1
2
3
4
5
6
7
8
9

2

https://www.ecdc.europa.eu/en/geographical-distribution-2019-ncov-cases
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(4) Fitting a mathematical model to data
Previous studies have shown that Gompertz model 3 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

−𝑙𝑙𝑙𝑙�

𝐾𝐾
�· 𝑒𝑒 − 𝑎𝑎·(𝑡𝑡−𝑡𝑡0)
𝑁𝑁0

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 Covid19 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-survivors 4 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

Madden LV. Quantification of disease progression. Protection Ecology 1980; 2: 159-176.
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
3
4
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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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