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Abstract 
 
Research background: On 11 March 2020, the Covid-19 epidemic was identified by the World 
Health Organization (WHO) as a global pandemic. The rapid increase in the scale of the epidemic 
has led to the introduction of non-pharmaceutical countermeasures. Forecast of the Covid-19 
prevalence is an essential element in the actions undertaken by authorities.  
Purpose of the article: The article aims to assess the usefulness of the Auto-regressive Integrated 
Moving Average (ARIMA) model for predicting the dynamics of Covid-19 incidence at different 
stages of the epidemic, from the first phase of growth, to the maximum daily incidence, until the 
phase of the epidemic's extinction.  
Methods: ARIMA( p,d,q) models are used to predict the dynamics of virus distribution in many 
diseases. Model estimates, forecasts, and the accuracy of forecasts are presented in this paper. 
Findings & Value added: Using the ARIMA(1,2,0) model for forecasting the dynamics of 
Covid-19 cases in each stage of the epidemic is a way of evaluating the implemented non-
pharmaceutical countermeasures on the dynamics of the epidemic. 

 
 
Introduction  
 
Covid-19 has infected over 7 million people since its appearance, covering 
114 countries (status for 8 June 2020). The epidemic began in December 
2019 in China. The first lockdown was introduced on 23 January 2020 in 
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Hubei province in China. Efficient models for short-term forecasting are 
needed to forecast the number of future cases. In this context, it is essential 
to develop strategic planning methods in the public health system to avoid 
deaths, as well as to introduce non-pharmaceutical countermeasures, such 
as ordered school closure, case-base measures, the banning of public 
events, the encouragement of social distancing, and lockdown, to reduce 
infection. In Europe, the first non-pharmaceutical countermeasures, includ-
ing an ordered lockdown, were introduced by many countries between 11 
and 24 March 2020. These countermeasures were aimed at reducing the 
number of people infected with Covid-19 while also reducing the dynamics 
of the infection and allowing health care services to operate effectively. 
Disease rate projections allow recommendations on an effective date and 
the date of withdrawal from government interventions. This issue has been 
widely presented in previous papers (Flaxman et al., 2020, 2020a; Guzzetta 
et al., 2020; Rogers, 2020; Patwardham, 2020; Mena, 2020; Marsland III & 
Mehta, 2020; Pai, 2020; Azad & Poonia, 2020; Iacus et al., 2020; Kumar, 
P. et al., 2020; de Wolff et al., 2020; Radiom & Berret, 2020; Ainslie et al., 
2020). In European countries, the first restrictions began to be introduced 
very early in some countries, like Switzerland (5 March), and much later in 
other countries, such as Russia. In some countries, there were no re-
strictions, such as in Belarus. In previous studies (Grassly et al., 2020; de 
Wolff et al., 2020), the authors pointed out the critical role of testing strate-
gies, as different countries have adopted different testing models. This fact 
should also be taken into account when considering disease dynamics.  

Typical mathematical epidemiological models are built as a system of 
differential equations for Susceptible-Infected-Removed (SIR) sequences. 
SIR models, i.e., models for immunocompromising diseases, such as 
Covid-19, have been presented in many publications (Kucharski et al., 
2020; Flaxman et al., 2020, 2020a; Lesniewski, 2020; Sonnino, 2020; 
Bertschinger, 2020; Casella, 2020; Pugliese & Sottile, 2020; Mora et al., 
2020; Vattay, 2020; Kumar et al., 2020; Hotz et al., 2020). Kobayashi et al. 
(2020) joined SIR models with State Space Modeling, while Kuniya (2020) 
used the Susceptible-Exposed-Infected-Removed (SEIR) compartmental 
model to estimate the peak of the epidemic, and Xu (2020) used the gener-
alized fractional-order SEIR model. To assess the dynamics of epidemic 
diseases, time series analysis tools, including ARIMA models, have been 
widely used.  

The aim of this article is to evaluate the usefulness of the ARIMA 
(1,2,0) model for predicting the dynamics of Covid-19 cases at each stage 
of the epidemic, i.e., at the first stage of development, at the stage of reach-
ing the maximum number of daily cases, and at the stage of the epidemic's 
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extinction. The choice of such models resulted from the cumulative con-
firmed cases of Covid-19 and was also confirmed by diagnostic measures 
of the model.  

The remainder of this paper is as follows. In the first section, the review 
of the literature shows examples of the use of ARIMA models and their 
modifications for forecasting epidemics. The research methodology section 
contains a description of the procedure for selecting parameters of the 
ARIMA( p,d,q) model using the ADF test and AIC information criterion, as 
well as a discussion of forecasting errors. We also carry out data characteri-
zation. The Results section includes an evaluation of the usefulness of the 
ARIMA (1,2,0) model for forecasting the disease dynamics using the ex-
ample of 32 European countries for 6 time moments for 7 days. The last 
section concludes the study.  
 
 
Literature review  
 
The issues of forecasting the dynamics of confirmed cases of Covid-19 
have been widely discussed in many publications over the last three months 
(as to June 2020). Publications related to the application of time series 
analysis methods are dominated by the following models: ARIMA, 
SutteARIMA, Wavelet, ARIMA-WBF (wavelet-based forecasting), long 
short term memory (LSTM) (Ahmar & del Val, 2020; Ceylan, 2020; Chi-
natalapudi, 2020; Kumar, 2020; Azad & Poonina, 2020; Patwardhan, 2020; 
Perone, 2020; Tandon et al., 2020; Yonar et al., 2020; Ding et al., 2020; Li 
et al., 2020; Benvenuto et al., 2020; Dehesh et al., 2020; Ribeiro et al., 
2020).  

A comparative analysis of forecast accuracy indicated the advantage of 
ARIMA models over the wavelet neural network or the support vector ma-
chine (see Zhang et al., 2019). In Singh et al. (2020), the advantages of 
a hybrid model of discrete wavelet decomposition and ARIMA were indi-
cated. Similarly, in Chakraborty and Ghosh (2020), the modified ARIMA-
WBF model was used. In the work of Fong et al. (2020), 11 methods of 
machine learning (deep learning) were compared to ARIMA in the fore-
casting of epidemics, and no clear advantage of any of the machine learning 
methods was found. Similar studies for machine learning modeling can be 
found in previous paper (Tuli et al., 2020; Magri & Doan, 2020). In con-
trast, Chimmula and Zhang's work (2020) points the greater usefulness of 
the LSTM approach compared to ARIMA models, but it points out that 
ARIMA has been used for many years, while only the first attempts have 
been made to use the LSTM approach. LSTMs were also used in previous 
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work by Yan et al. (2020) and Yudistira (2020). Wu et al. (2020) presented 
a dynamic model of the spread of the epidemic from Wuhan (China) to 
other Chinese cities and beyond China. Spatial dynamics forecasting was 
presented by Wang et al. (2020) for the USA, Azad and Poonia (2020) for 
India, and Kevrekidis et al. (2020) for Greece and Andalusia (Spain). Bandt 
(2020) presented simple statistical indicators to assess the turning point of 
an epidemic. The work by Radio and Berret (2020) identified three types of 
model for each phase of the epidemic. The Bayes approach is presented in 
work by Calvetti et al. (2020) for selected US counties. 

On many websites, real-time systems that re-estimate models and fore-
casts with daily frequency for all countries of the world can be found, for 
example, in the paper by Tarassow (2020). The mentioned publications 
show the importance of two elements: the accuracy of forecasts and the 
simplicity of the used models. 
 
 
Research methodology 
 
The ARIMA(p,d,q) model is a classic time series model and is determined 
by three parameters. The parameters p and q are the lag order in the AR(p) 
component and the MA(q) component, respectively, while d is the differen-
tiation level (Box et al., 2015). The ARIMA(p,d,q) model has the form: 
 
 

�1 − ����� = 
 + ���� + ������ + ⋯ + ������ + �� +

 ���� + ������ + ⋯ + ������++�� + ���� + ������ +

⋯ + ������ 
 

 
where u is the time-shift operator ���� = ����. 

The differentiation parameter of process Yt was set at d = 2, which de-
rives from two arguments. The cumulative number of confirmed cases of 
Covid-19 was analyzed, where the first differences ΔYt=Yt-Yt-1 indicated the 
daily number of infections. The second difference is due to the non-
stationary variance for ΔYt, which was indicated by the ADF test results 
(Dickey & Fuller, 1981). Moreover, for the Δ2Yt process, a correlogram 
(ACF and PACF) was estimated in order to initially assess the order of 
magnitude of the delay for AR(p) and MA(q) polynomials. The final choice 
of parameters for d = 2 and p,q = {0,1,2,3} was made using the Akaike 
Information Criterion (AIC). All calculations were done in the open-source 
software gretl (Cottrell & Lucchetti, 2020; Baiocchi & Distaso, 2003).  
 

(1) 
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Data source 
 

A broad overview of Covid-19 databases is presented in the paper by 
Alamo et al., 2020. Recommended databases are maintained by the Johns 
Hopkins University Center for Systems Science and Engineering (JHU 
CCSE). This database contains information on confirmed cases, deaths, and 
recovered cases for more than 250 countries/provinces since 22 January 
2020 with a daily update. The JHU CCSE database is made available to 
DBnomics (db.nomisc.world), which enables automatic data downloading 
by gretl software. Figure 1 presents the cumulative number of confirmed 
cases (Yt) and Figure 2 presents the daily cases (ΔYt) of Covid-19 for a se-
lected European country for the period 1 February 2020 to 24 May 2020. 
 
 
Results 
 
The 32 European countries with the highest infection levels were selected 
for analysis (a full list of countries is presented in Table 1). The first con-
firmed cases of Covid-19 were reported in France (24 Jan), Finland (29 
Jan), and Italy, the UK, Sweden, and Russia (31 Jan), and the last were 
reported in Turkey (11 Mar) and Bulgaria (8 Mar). For each country, 6 
ARIMA models were estimated, which differed in terms of their sample 
periods. The starting date was the first date of a confirmed case, and the 
end date was 15 Mar, 29 Mar, 12 Apr, 26 Apr, 10 May, or 24 May, i.e., 
each sample period was extended by 14 days. The number of observations 
(T) for the first period from the beginning of the epidemic in a given coun-
try until 15 Mar was between T = 52 days (France) and T = 5 days (Tur-
key). Figure 1 presents the cumulative number of confirmed cases of 
Covid-19 for a selected European country in the period from 1 Feb 2020 to 
24 May 2020, while Figure 2 shows the first differences.  

For a vast majority (over 80%)  of the estimated ARIMA( p,2,q) models 
for p, q={0,1,2,3}, the minimum value of the AIC criterion pointed to the 
ARIMA(1,2,0) model. Other model parameters (p≠1, q≠0) occurred in 
models with small samples, or outliers, or situations when the forecast cu-
mulative number of cases decreased, which is in contrast to the epidemic 
theory (usually obtained when the epidemic was extinguishing). This also 
refers to the model for France (for the period 24 Jan–12 Apr), where, on 5 
Apr, confirmed cases were corrected (decreased) by over 25,000 cases. The 
above automatic selection of parameters is consistent with the results ob-
tained in previous studies (Beneventuto et al., 2020; Ceynan, 2020; Chinta-
lapudiet et al., 2020; Tarrasow, 2020) and is the basis for further analyses 
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and forecasts. For each model, a forecast of 7 days was calculated. The 
forecasts and their errors are presented in Figure 3. Table 1 presents esti-
mated models with the sample (Start, End), number of observations (T), 
coefficient estimates (const (α), phi_1 (φ1)), standard error (sigma),             
R-squared (R2), and the following forecast errors: the mean absolute per-
centage forecast error for horizon one day and 7 days (MAPE(1) and 
MAPE(7)) and the mean forecast error for 7 days (ME(7)).  

An essential feature of the ARIMA(1,2,0) is modeling the Δ2Yt process 
by the autoregression model of order 1. In the parameters of the estimated 
equations, for all models, φ1 satisfies the condition of the AR process sta-
tionarity (|φ1|<1). For most models, it has a negative value, which means 
that the estimated predictions will oscillate (sinusoidally) to the expected 
value of the process. The constant term (const) has a meaningful interpreta-
tion. The value of the constant parameter indicates a daily increase in new 
cases. A comparison of this parameter for subsequent samples reveals the 
direction of dynamics in the number of new cases. For example, the con-
stant terms for the following countries are as follows: 
‒ For Austria (AUT), Switzerland (CHE), Czechia (CZE), Germany 

(DEU), Denmark (DNK), Estonia (EST), Finland (FIN), Greece (GRC), 
Ireland (IRL), Iceland (ISL), Lithuania (LTU), Norway (NOR), Slo-
vakia (SVK), and Slovenia (SVN), the const parameter is estimated to 
be below 1, which means that the recent number of cases (YT) will not 
increase significantly; 

‒ For Belgium (BEL), Spain (ESP), France (FRA), Italy (ITA), the Neth-
erlands (NLD), Portugal (PRT), Romania (ROU), and Sweden (SWE), 
the value of the const parameter has noticeably decreased, so the extinc-
tion of the epidemic is significant, slow and visible; 

‒ For Bulgaria (BRG) and Hungary (HUN), the const parameter has not 
reached a high level and is slowly decreasing; 

‒ For Poland (POL), Ukraine (UKR), and Belarus (BLR), the value of the 
const parameter indicates that there has not yet been a decrease in the 
number of cases, i.e., the epidemic will be spread over time; 

‒ For the United Kingdom (GBR) and Turkey (TUR), the value of the 
const parameter is high but lower than in previous sub-periods; 

‒ For Russia (RUS), the value of the const parameter is the highest among 
European countries, and the increase in the number of cases is signifi-
cant. 
The evaluation of the accuracy of the forecasts indicates two aspects: 

the usefulness for governments to determine the effectiveness of non-
pharmaceutical countermeasures and the location of the disease curve. Dur-
ing the initial period of the epidemic, when a rapidly growing number of 
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cases is observed, one can notice the underestimation of forecasts (ME < 
0); the forecasting errors are high (over 5%–10%). For the extinction stage 
of the epidemic, the forecast errors are lower (less than 2%), while ME > 0 
(overestimated forecast). For Bulgaria (BGR), Belarus (BLR), the United 
Kingdom (GBR), Poland (POL), Romania (ROU), Russia (RUS), Sweden 
(SWE), Turkey (TUR), and Ukraine (UKR), we can observe a continuous 
and significant increase in the number of cases (status for 24 May 2020), 
that is, the extinction of the epidemic is still not coming and will last for 
a longer time. 
 
 
Discussion 
 
ARIMA(1,2,0) was used to assess the dynamics of the epidemic, although 
in some countries for different sub-periods, the AIC criterion indicated 
different parameters. An alternative set of parameters usually resulted from 
single outlier observations, which negatively affected the accuracy of fore-
casts (explosive prognoses). For the period of the epidemic's extinction, 
ARIMA models with the parameters p={2, 3} caused a decrease in the 
cumulative number of forecast cases, which is contrary to the theory. Simi-
lar issue has appeared in work of Perone (2020). 

For some sub-periods, in several countries, the effect of weekly perio-
dicity could be observed, but this is only the result of the ARIMA model's 
approximative adjustment to the time series. Therefore, at the stage of as-
sumptions, the inclusion of the periodical component was rejected.  

Some publications indicate that ARIMA models are useful only for 
short-term forecasts. However, the ARIMA(1,2,0) model for the assess-
ment of cumulative case dynamics and parameter analysis is highly useful.  
 
 
Conclusions 
 
The article presented the usefulness of the ARIMA(1,2,0) model for pre-
dicting the dynamics of COVID-19 cases at different stages of the devel-
opment of the epidemic, i.e., at the first stage of development, at the time 
when the maximum number of daily cases is reached, and at the stage of 
the epidemic's extinction. ARIMA(1,2,0) models were estimated for 32 
European countries for six samples, and forecasts for 7 days were made for 
each sample. The obtained results (parameter estimates) can be interpreted 
and compared between countries and, more importantly, between different 
stages of the epidemic.   
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The results of Covid-19 forecasts using the ARIMA(1,2,0) model 
should be addressed in further studies in terms of the roles of two elements 
limiting the number of cases: non-pharmaceutical interventions and popula-
tion testing policies. Moreover, the evaluation should also concern the im-
pact of non-pharmaceutical interventions on economic aspects. The first 
adverse effects of the pandemic on the economy are presented in a number 
of previous papers (Iacus et al., 2020; Karina et al., 2020; Centeno & 
Marquez, 2020; Narajewski & Ziel, 2020).  

By employing Covid-19 databases that are updated daily (by DBnom-
ics), models and forecasts can be re-estimated daily, which is also indicated 
by (Benvenuto et. al., 2020).  That is why ARIMA models can be viewed 
as an immediate and straightforward system for monitoring the epidemic at 
national and regional levels.  
 
 
References  
 
Ahmar, A. S., & del Val, E. B. (2020). SutteARIMA: short-term forecasting meth-

od, a case: Covid-19 and stock market in Spain. Science of The Total Environ-
ment, 138883. doi: 10.1016/j.scitotenv.2020. 138883. 

Ainslie, K. E., Walters, C. E., Fu, H., Bhatia, S., Wang, H., Xi, X., Baguelin, M., 
Bhatt, S., Boonyasiri, A., Boyd, O., Cattarino, L., Ciavarella, C., Cucunuba, Z., 
Cuomo-Dannenburg, G., Dighe, A., Dorigatti, I., van Elsland, S. L., FitzJohn, 
R., Gaythorpe, K., Ghani, A. C., Green, W., Hamlet, A., Hinsley, W., Imai, N., 
Jorgensen, D., Knock, E., Laydon, D., Nedjati-Gilani, G., Okell, L. C., Siv-
eroni, I., Thompson, H. A., Unwin, H. J. T., Verity, R., Vollmer, M., Walker, P. 
G. T., Wang, Y., Watson, O. J., Whittaker, C., Winskill, P., Donnelly, C. A. 
(2020). Evidence of initial success for China exiting COVID-19 social distanc-
ing policy after achieving containment. Welcome Open Research, 5(81). doi: 
10.12688/wellcome openres.15843.1. 

Alamo, T., Reina, D. G., Mammarella, M., & Abella, A. (2020). Open data re-
sources for fighting covid-19. arXiv preprint arXiv:2004.06111. 

Azad, S., & Poonia, N. (2020). Short-term forecasts of COVID-19 spread across 
Indian states until 1 May 2020. Preprints 2020, 2020040491. doi: 
10.20944/preprints202004.0491.v1. 

Baiocchi, G., & Distaso, W. (2003). GRETL: econometric software for the GNU 
generation. Journal of Applied Econometrics, 18(1). 

Bandt, C. (2020). Transparent covid-19 prediction. arXiv preprint 
arXiv:2004.04732. 

Benvenuto, D., Giovanetti, M., Vassallo, L., Angeletti, S., & Ciccozzi, M. (2020). 
Application of the ARIMA model on the COVID-2019 epidemic dataset. Data 
in brief, 105340. doi: 10.1016/j.dib.2020.105340. 

Bertschinger, N. (2020). Visual explanation of country specific differences in 
Covid-19 dynamics. arXiv preprint arXiv:2004.0733c4. 



Equilibrium. Quarterly Journal of Economics and Economic Policy, 15(2), 181–204 

 

189 

Box, G. E., Jenkins, G. M., Reinsel, G. C., & Ljung, G. M. (2015). Time series 
analysis: forecasting and control. John Wiley & Sons. 

Calvetti, D., Hoover, A., Rose, J., & Somersalo, E. (2020). Bayesian dynamical 
estimation of the parameters of an SE (A) IR COVID-19 spread model. arXiv 
preprint arXiv:2005.04365. 

Casella, F. (2020). Can the COVID-19 epidemic be managed on the basis of daily 
data? arXiv preprint arXiv:2003.06967. 

Centeno, R. S., & Marquez, J. P. (2020). How much did the tourism industry lost? 
Estimating earning loss of tourism in the Philippines. arXiv preprint 
arXiv:2004.09952. 

Ceylan, Z. (2020). Estimation of COVID-19 prevalence in Italy, Spain, and France. 
Science of The Total Environment, 138817. doi: 10.1016/j.scitotenv.2020. 
138817. 

Chakraborty, T., & Ghosh, I. (2020). Real-time forecasts and risk assessment of 
novel coronavirus (COVID-19) cases: a data-driven analysis. Chaos, Solitons & 
Fractals, 135. doi: 10.1016/j.chaos.2020.109850. 

Chimmula, V. K. R., & Zhang, L. (2020). Time series forecasting of COVID-19 
transmission in Canada using LSTM networks. Chaos, Solitons & Fractals, 
135. doi: 10.1016/j.chaos.2020.109864. 

Chintalapudi, N., Battineni, G., & Amenta, F. (2020). COVID-19 disease outbreak 
forecasting of registered and recovered cases after sixty-day lockdown in Italy: 
a data driven model approach. Journal of Microbiology, Immunology and Infec-
tion, 53(3). doi:10.1016/j.jmii.2020.04.004. 

Cottrell, A., & Lucchetti, R., Gretl user’s guide, gnu regression, econometric time-
series library, gretl.sourceforge.net. Retrieved from http:/ricardo.ecn.wfu. 
edu/pub/gretl/manual/PDF/gretl-guide-a4.pdf.  

de Wolff, T., Pflüger, D., Rehme, M., Heuer, J., & Bittner, M. I. (2020). Evaluation 
of pool-based testing approaches to enable population-wide screening for 
COVID-19. arXiv preprint arXiv:2004.11851. 

Dehesh, T., Mardani-Fard, H. A., & Dehesh, P. (2020). Forecasting of covid-19 
confirmed cases in different countries with ARIMA models. medRxiv.  preprint 
doi: 10.1101/2020.03.13.20035345. 

Dickey, D. A., & Fuller, W. A. (1981). Likelihood ratio statistics for autoregressive 
time series with a unit root. Econometrica: Journal of the Econometric Society, 
49(4).  

Ding, G., Li, X., Shen, Y., & Fan, J. (2020). Brief Analysis of the ARIMA model 
on the COVID-19 in Italy. medRxiv preprint doi: 10.1101/2020.04.08. 
20058636.  

Fanelli, D., & Piazza, F. (2020). Analysis and forecast of COVID-19 spreading in 
China, Italy and France. Chaos, Solitons & Fractals, 134. doi: 10.1016/j.chaos. 
2020.109761. 

Fattah, J., Ezzine, L., Aman, Z., El Moussami, H., & Lachhab, A. (2018). Forecast-
ing of demand using ARIMA model. International Journal of Engineering 
Business Management, 10. doi: 10.1177/1847979018808673. 



Equilibrium. Quarterly Journal of Economics and Economic Policy, 15(2), 181–204 

 

190 

Flaxman, S., Mishra, S., Gandy, A., Unwin, H. J. T., Coupland, H., Mellan, T. A., 
Zhu, H., Berah, T., Eaton, J. W., Guzman, P. N. P., Schmit, N., Callizo, L., Im-
perial College COVID-19 Response Team, Whittaker, C., Winskill, P., Xi, X.,  
Ghani, A., Donnelly, C. A., Riley, S., Okell, L. C., Vollmer, M. A. C., Fergu-
son, N. M., & Bhatt, S. (2020). Estimating the number of infections and the im-
pact of non-pharmaceutical interventions on COVID-19 in European countries: 
technical description update. arXiv preprint arXiv:2004.11342.  

Flaxman, S., Mishra, S., Gandy, A., Unwin, H., Coupland, H., Mellan, T., Zhu, H., 
Berah, T., Eaton, J., Perez Guzman, P., Schmit, N., Cilloni, L., Ainslie, K., 
Baguelin, M., Blake, I., Boonyasiri, A., Boyd, O., Cattarino, L., Ciavarella, C., 
Cooper, L., Cucunuba Perez, Z., Cuomo-Dannenburg, G., Dighe, A., Djaafara, 
A., Dorigatti, I., Van Elsland, S., Fitzjohn, R., Fu, H., Gaythorpe, K., Geidel-
berg, L., Grassly, N., Green, W., Hallett, T., Hamlet, A., Hinsley, W., Jeffrey, 
B., Jorgensen, D., Knock, E., Laydon, D., Nedjati Gilani, G., Nouvellet, P., 
Parag, K., Siveroni, I., Thompson, H., Verity, R., Volz, E., Walters, C., Wang, 
H., Wang, Y., Watson, O., Winskill, P., Xi, X., Whittaker, C., Walker, P., 
Ghani, A., Donnelly, C., Riley, S., Okell, L., Vollmer, M., Ferguson, N., & 
Bhatt, S.  (2020a). Report 13: estimating the number of infections and the im-
pact of non-pharmaceutical interventions on COVID-19 in 11 European coun-
tries. Imperial College London. doi: 10.25561/77731. 

Fong, S. J., Li, G., Dey, N., Crespo, R. G., & Herrera-Viedma, E. (2020). Compo-
site Monte Carlo decision making under high uncertainty of novel coronavirus 
epidemic using hybridized deep learning and fuzzy rule induction. Applied Soft 
Computing, 106282. doi:.10.1016/j.asoc.2020.106282. 

Grassly, N. C., Pons-Salort, M., Parker, E. P. K., White, P. J., Ainslie, K., 
Baguelin, M., Bhatia, S., Bhatt, S., Blake, I., Boonyasiri, A., Boyd, O., 
Brazeau, N., Cattarino, L., Charles, G., Ciavarella, C., Cooper, L.V., Coupland, 
H., Cucunuba, Z., Cuomo-Dannenburg, G., Dighe, A., Djaafara, V., Donnelly, 
C., Dorigatti, I., Eaton, J., van Elsland, S. L., Ferreira, F., Nascimento, D., Fitz-
John, R., Flaxman, S., Fraser, K., Fu, H., Gaythorpe, K., Geidelberg, L., Ghani, 
A., Green, W., Hallett, T., Hamlet, A., Hauck, K., Haw, D., Hayes, S., Hinsley, 
W., Imai, N., Jeffrey, B., Jorgensen, D., Knock, E., Laydon, D., Lees, J., Man-
gal, T., Mellan, T., Mishra, S., Mousa, A., Nedjati-Gilani, G., Nouvellet, P., 
Okell, L., Olivera, D., Ower, A., Parag, K. V., Pickles, M., Ragonnet-Cronin, 
M., Riley, S., Siveroni, I., Stopard, I., Thompson, H. A., Unwin, H. J. Y., Veri-
ty, R., Vollmer, M., Volz, E., Walker, P., Walters, C., Wang, H., Wang, Y., 
Watson, O. J., Whittaker, C., Whittles, L., Winskill, P., Xi, X., & Ferguson, N. 
(2020). Report 16: role of testing in COVID-19 control. Imperial College Lon-
don. doi: 10.25561/78439. 

Guzzetta, G., Riccardo, F., Marziano, V., Poletti, P., Trentini, F., Bella, A., Andri-
anou, X., Del Manso, M., Fabiani, M., Bellino, S., Boros, S., Urdiales, A.M., 
Vescio, M. F., Piccioli, A., COVID-19 working group, Brusaferro, S., Rezza, 
G., Pezzotti, P., Ajelli, M., & Merler, S. (2020). The impact of a nation-wide 
lockdown on COVID-19 transmissibility in Italy. arXiv preprint 
arXiv:2004.12338. 



Equilibrium. Quarterly Journal of Economics and Economic Policy, 15(2), 181–204 

 

191 

Hotz, T., Glock, M., Heyder, S., Semper, S., Böhle, A., & Krämer, A. (2020). 
Monitoring the spread of COVID-19 by estimating reproduction numbers over 
time. arXiv preprint arXiv:2004.08557. 

Iacus, S. M., Natale, F., Santamaria, C., Spyratos, S., & Vespe, M. (2020). Estimat-
ing and projecting air passenger traffic during the COVID-19 coronavirus out-
break and its socio-economic impact. Safety Science, 104791. doi: 10.1016/j. 
ssci.2020.104791. 

Johns Hopkins University Center for Systems Science and Engineering, Corona-
virus (COVID-19) Cases. Retrieved form https://github.com/CSSEGISandData/ 
COVID-19 (30.05.2020).  

Karina, A. C., Fernando, A. M., Morteza, N. N., & Michael, H. (2020). Forecasting 
the effect of COVID-19 on the S&P500. arXiv preprint arXiv:2005.03969. 

Kevrekidis, P. G., Cuevas-Maraver, J., Drossinos, Y., Rapti, Z., & Kevrekidis, G. 
A. (2020). Spatial modeling of COVID-19: Greece and Andalusia as case ex-
amples. arXiv preprint arXiv:2005.04527. 

Kobayashi, G., Sugasawa, S., Tamae, H., & Ozu, T. (2020). Predicting infection of 
COVID-19 in Japan: state space modeling approach. arXiv preprint 
arXiv:2004.13483, 2020. 

Kucharski, A. J., Russell, T. W., Diamond, C., Liu, Y., Edmunds, J., Funk, S., & 
Eggo, R. M., (2020). Early dynamics of transmission and control of COVID-
19: a mathematical modelling study. Lancet Infectious Diseases, 20(5). doi: 
10.1016/S1473-3099(20)30144-4.  

Kumar, P., Kalita, H., Patairiya, S., Sharma, Y. D., Nanda, C., Rani, M., Rahmani, 
J., & Bhagavathula, A. S. (2020). Forecasting the dynamics of COVID-19 pan-
demic in top 15 countries in April 2020: ARIMA model with machine learning 
approach. medRxiv: 2020.03.30.20046227; doi: 10.1101/2020. 03.30.20046227. 

Kumar, S., Sharma, S., & Kumari, N. (2020). Future of COVID-19 in Italy: 
a mathematical perspective. arXiv preprint arXiv:2004.08588. 

Kuniya, T. (2020). Prediction of the epidemic peak of coronavirus disease in Japan, 
2020. Journal of Clinical Medicine, 9(3). doi: 10.3390/ jcm9030789. 

Lesniewski, A. (2020). Epidemic control via stochastic optimal control. arXiv 
preprint arXiv:2004.06680. 

Li, Y, Wang, B, Peng, R, Zhou, C, Zhan, Y, Liu., Z, Jiang., X., & B., Zhao (2020. 
Mathematical modeling and epidemic prediction of COVID-19 and its signifi-
cance to epidemic prevention and control measures. Annals Infectious Disease 
Epidemiology, 5(1). 

Magri, L., & Doan, N. A. K. (2020). First-principles machine learning modelling 
of COVID-19. arXiv preprint arXiv:2004.09478. 

Marsland III, R., & Mehta, P. (2020). Data-driven modeling reveals a universal 
dynamic underlying the COVID-19 pandemic under social distancing. medRxiv 
2020.04.21.20073890; doi: 10.1101/ /2020.04.21.20073890. 

Mena, R. H., Velasco-Hernandez, J. X., Mantilla-Beniers, N. B., Carranco-Sapiéns, 
G. A., Benet, L., Boyer, D., & Castillo, I. P. (2020). Using the posterior predic-
tive distribution to analyse epidemic models: COVID-19 in Mexico City. arXiv 
preprint arXiv:2005.02294. 



Equilibrium. Quarterly Journal of Economics and Economic Policy, 15(2), 181–204 

 

192 

Mora, J. C., Pérez, S., Rodriguez, I., Nunez, A., & Dvorzhak, A. (2020). A sem-
iempirical dynamical model to forecast the propagation of epidemics: the case 
of the Sars-Cov-2 in Spain. arXiv preprint arXiv:2004.08990. 

Narajewski, M., & Ziel, F. (2020). Changes in electricity demand pattern in Europe 
due to COVID-19 shutdowns. arXiv preprint arXiv:2004.14864. 

Novel Coronavirus (COVID-19) cases, provided by John Hopkins University 
CSSE. Retrieved form https://github.com/CSSEGISandData/COVID-19. 

Pai, C., Bhaskar, A., & Rawoot, V. (2020). Investigating the dynamics of COVID-
19 pandemic in India under lockdown. arXiv preprint arXiv:2004.13337, 2020.  

Patwardhan, C. (2020). SARS-COV-2 pandemic: understanding the impact of 
lockdown in the most affected states of India. arXiv preprint arXiv:2004.13632. 

Perone, G. (2020). An ARIMA model to forecast the spread and the final size of 
COVID-2019 epidemic in Italy. HEDG - Health Econometrics and Data Group 
Working Paper Series, University of York. doi: 10.2139/ssrn.3564865. 

Pugliese, A., & Sottile, S. (2020). Inferring the COVID-19 infection curve in Italy. 
arXiv preprint arXiv:2004.09404. 

Radiom, M., & Berret, J. F. (2020). Common trends in the epidemic of Covid-19 
disease. arXiv preprint arXiv:2004.12124. 

Ribeiro, M. H. D. M., da Silva, R. G., Mariani, V. C., & dos Santos Coelho, L. 
(2020). Short-term forecasting COVID-19 cumulative confirmed cases: per-
spectives for Brazil. Chaos, Solitons & Fractals, 109853. doi: 10.1016/ 
j.chaos.2020.109853. 

Rogers, L. C. G. (2020). Ending the COVID-19 epidemic in the United Kingdom. 
arXiv preprint arXiv:2004.12462. 

Singh, S., Parmar, K. S., Kumar, J., & Makkhan, S. J. S. (2020). Development of 
new hybrid model of discrete wavelet decomposition and autoregressive inte-
grated moving average (ARIMA) models in application to one month forecast 
the casualties cases of COVID-19. Chaos, Solitons & Fractals, 109866. doi: 
10.1016/j.chaos.2020.109866. 

Sonnino, G. (2020). Dynamics of the COVID-19--comparison between the theoret-
ical predictions and real data. arXiv preprint arXiv:2003.13540. 

Tandon, H., Ranjan, P., Chakraborty, T., & Suhag, V. (2020). Coronavirus 
(COVID-19): ARIMA based time-series analysis to forecast near future. arXiv 
preprint arXiv:2004.07859. 

Tarassow, A. (2020). ARIMA-based forecasting of confirmed COVID/ Corona 
cases for various country-province combinations. Retrieved from 
https://github.com/atecon/covid_19_forecast (30.05.2020). 

Tuli, S., Tuli, S., Tuli, R., & Gill, S. S. (2020). Predicting the growth and trend of 
COVID-19 pandemic using machine learning and cloud computing. Internet of 
Things, 100222. doi: 10.1016/j.iot.2020.100222. 

Vattay, G. (2020). Forecasting the outcome and estimating the epidemic model 
parameters from the fatality time series in COVID-19 outbreaks. arXiv preprint 
arXiv:2004.08973. 



Equilibrium. Quarterly Journal of Economics and Economic Policy, 15(2), 181–204 

 

193 

Wang, L., Wang, G., Gao, L., Li, X., Yu, S., Kim, M., Wang, Y., & Gu, Z. (2020). 
Spatiotemporal dynamics, nowcasting and forecasting of COVID-19 in the 
United States. arXiv preprint arXiv:2004.14103. 

World Health Organization, Coronavirus disease (COVID-19) outbreak. Retrieved 
form https://www.who.int/emergencies/diseases/novel-coronavirus-2019  
(30.05.2020). 

Wu, J. T., Leung, K., & Leung, G. M. (2020). Nowcasting and forecasting the 
potential domestic and international spread of the 2019-nCoV outbreak origi-
nating in Wuhan, China: a modelling study. Lancet, 395(10225). doi: 
10.1016/S0140-6736(20)30260-9. 

Xu, C., Yu, Y., Yang, Q., & Lu, Z. (2020). Forecast analysis of the epidemics trend 
of COVID-19 in the United States by a generalized fractional-order SEIR mod-
el. arXiv preprint arXiv:2004.12541. 

Yan, B., Tang, X., Liu, B., Wang, J., Zhou, Y., Zheng, G., Zou, Q., Lu, Y., & Tu, 
W. (2020). An improved method of COVID-19 case fitting and prediction 
based on LSTM. arXiv preprint arXiv:2005.03446. 

Yang, C., Sha, D., Liu, Q., Li, Y., Lan, H., Guan, W. W., Hu, T., Li, Z., Zhang, Z., 
Thompson, J.H., Wang, Z., Wong, D., Ruan, S., Yu, M., Richardson, D., 
Zhang, L., Hou, R., Zhou, Y., Zhong, C., Tian, Y., Beaini, F., Carte, K., Flynn, 
C., Liu, W., Pfoser, D., Bao, S., Li, M., Zhang, H., Liu, C., Jiang, J., Du, S., 
Zhao, L., Lu, M., Li, L., & Zhou,H. (2020). Taking the pulse of COVID-19: 
a spatiotemporal perspective. arXiv preprint arXiv:2005.04224. 

Yonar, H, Yonar, A, Tekindal, M. A, & Tekindal. M. (2020). Modeling and fore-
casting for the number of cases of the COVID-19 pandemic with the curve es-
timation models, the Box-Jenkins and exponential smoothing methods. Eura-
sian Journal of Medicine and Oncology, 4(2). doi: 10.14744/ejmo.2020.28273. 

Yudistira, N. (2020). COVID-19 growth prediction using multivariate long short 
term memory. arXiv preprint arXiv:2005.04809. 

Zhang, Y., Yang, H., Cui, H., & Chen, Q. (2019). Comparison of the ability of 
ARIMA, WNN and SVM models for drought forecasting in the Sanjiang Plain, 
China. Natural Resources Research. doi:10.1007/s11053-019-09512-6. 

 
 
Acknowledgements 
 
The research was funded by a grant awarded in the CRUSH programme within 
Nicolaus Copernicus University’s "Excellence Initiative - Research University” 
project (ID-UB). 



Annex 
 
 
Table 1. Estimates of ARIMA(1,2,0) models for six subperiods and 32 selected 
countries 
 

Start End T Const phi_1 Sigma R2 MAPE(1) MAPE(7) ME(7) 

AUT—Austria 

25-Feb 15-Mar 20 9.6304 -0.5089 30.8 0.9861 3.3450 15.0030 382.9 

25-Feb 29-Mar 34 16.4626 -0.5033 198.9 0.9946 2.4894 3.4458 -219.7 

25-Feb 12-Apr 48 3.6892 -0.4915 179.9 0.9989 0.7375 1.8461 -268.9 

25-Feb 26-Apr 62 1.2420 -0.4900 159.4 0.9994 0.1954 0.6231 -96.7 

25-Feb 10-May 76 0.5878 -0.4926 144.3 0.9995 0.2407 0.1253 3.3 

25-Feb 24-May 90 0.3034 -0.4947 133.0 0.9996 0.0134 0.0373 4.0 

BEL—Belgium 

4-Feb 15-Mar 41 4.2540 -0.6121 35.3 0.9698 0.8651 14.2170 387.7 

4-Feb 29-Mar 55 31.9932 -0.3755 142.8 0.9976 6.2070 16.5110 -2684.4 

4-Feb 12-Apr 69 23.0458 -0.1969 189.3 0.9995 2.1571 4.8351 -1706.6 

4-Feb 26-Apr 83 10.5997 -0.4126 307.6 0.9996 0.7775 2.8238 -1383.2 

4-Feb 10-May 97 5.3165 -0.3990 291.0 0.9998 0.3075 1.5907 -869.6 

4-Feb 24-May 111 2.5955 -0.3949 273.4 0.9999 0.0738 0.7530 -437.0 

BGR—Bulgaria 

8-Mar 15-Mar 8 1.4193 -0.2470 6.5 0.8828 24.5110 12.0380 -4.2 

8-Mar 29-Mar 22 0.9228 -0.3411 11.4 0.9901 3.0869 2.4448 7.8 

8-Mar 12-Apr 36 0.4659 -0.4498 10.8 0.9977 1.4705 5.2310 41.4 

8-Mar 26-Apr 50 0.7838 -0.4825 21.0 0.9968 2.0645 2.0920 31.4 

8-Mar 10-May 64 0.6984 -0.4119 20.2 0.9988 1.1078 2.6142 -55.7 

8-Mar 24-May 78 0.2934 -0.4004 18.9 0.9994 0.8310 2.2106 -54.9 

BLR—Belarus 

28-Feb 15-Mar 17 -0.0173 -0.3977 4.7 0.7981 25.0670 48.0590 29.7 

28-Feb 29-Mar 31 -0.0133 -0.6723 5.5 0.9767 38.1730 60.4610 209.6 

28-Feb 12-Apr 45 7.4129 -0.2464 58.4 0.9907 0.2097 3.7571 74.8 

28-Feb 26-Apr 59 14.6478 -0.4392 227.4 0.9933 0.3852 0.4648 -54.1 

28-Feb 10-May 73 12.8404 -0.4382 206.1 0.9991 0.0820 0.3215 -90.7 

28-Feb 24-May 87 10.9877 -0.4386 189.0 0.9997 0.0487 0.6980 -286.8 

CHE—Switzerland 

25-Feb 15-Mar 20 28.5520 -0.9154 116.1 0.9791 14.8740 14.3030 -146.5 

25-Feb 29-Mar 34 27.2192 -0.6246 226.5 0.9977 0.3082 1.4056 -263.9 

25-Feb 12-Apr 48 8.4123 -0.5781 233.2 0.9994 0.7460 1.6991 -457.9 

25-Feb 26-Apr 62 3.0060 -0.5598 210.0 0.9997 0.3315 1.0066 -298.6 

25-Feb 10-May 76 0.6630 -0.5579 190.6 0.9998 0.0345 0.1533 -46.8 

25-Feb 24-May 90 0.1498 -0.5586 175.3 0.9998 0.0167 0.0394 9.0 

 
 
 
 



Table 1. Continued 
 

Start End T Const phi_1 Sigma R2 MAPE(1) MAPE(7) ME(7) 

CZE—Czechia 

1-Mar 15-Mar 15 3.9821 -0.6307 15.2 0.9616 5.1687 17.5650 149.4 

1-Mar 29-Mar 29 8.1348 -0.3859 53.3 0.9960 2.5770 1.4410 -34.5 

1-Mar 12-Apr 43 3.2412 -0.5587 67.9 0.9990 1.0393 2.9532 -190.7 

1-Mar 26-Apr 57 1.0643 -0.4956 67.1 0.9994 0.3489 0.4219 -24.8 

1-Mar 10-May 71 0.3382 -0.4792 61.5 0.9996 0.3583 1.3191 110.7 

1-Mar 24-May 85 0.8054 -0.4839 57.4 0.9997 0.2777 1.1215 -103.9 

DEU—Germany 

27-Jan 15-Mar 49 22.7022 -0.6102 187.1 0.9767 5.6864 28.9970 5427.8 

27-Jan 29-Mar 63 76.4129 -0.1944 618.6 0.9983 0.2579 2.0990 1797.1 

27-Jan 12-Apr 77 38.2867 0.0097 692.0 0.9997 0.5904 1.7374 -2417.7 

27-Jan 26-Apr 91 14.0175 -0.0772 731.3 0.9998 0.1914 0.2958 -484.4 

27-Jan 10-May 105 5.3948 -0.0669 688.9 0.9999 0.0719 0.1796 314.0 

27-Jan 24-May 119 2.8254 -0.0951 661.1 0.9999 0.0370 0.2519 441.2 

DNK—Denmark 

27-Feb 15-Mar 18 2.0766 0.0464 48.2 0.9813 1.1498 9.2126 114.9 

27-Feb 29-Mar 32 6.0513 -0.0129 40.7 0.9971 0.6840 5.4931 205.6 

27-Feb 12-Apr 46 3.8696 0.0011 46.6 0.9994 0.5993 0.8935 -62.7 

27-Feb 26-Apr 60 2.3523 -0.1141 47.1 0.9997 0.2483 0.3405 -31.8 

27-Feb 10-May 74 1.4775 -0.1046 43.8 0.9999 0.2539 1.4900 -161.0 

27-Feb 24-May 88 0.7933 -0.1161 40.9 0.9999 0.3820 1.0363 -119.9 

ESP—Spain 

1-Feb 15-Mar 44 30.3395 -0.5875 425.6 0.9366 8.3940 22.7310 4865.7 

1-Feb 29-Mar 58 124.2310 -0.6389 808.9 0.9983 0.4069 1.1034 593.7 

1-Feb 12-Apr 72 58.1815 -0.5640 833.0 0.9998 0.6836 0.9065 -555.9 

1-Feb 26-Apr 86 25.0692 -0.5561 2130.4 0.9992 0.2848 1.4174 -3051.2 

1-Feb 10-May 100 7.5364 -0.5571 1986.4 0.9995 1.0248 0.8140 1864.8 

1-Feb 24-May 114 4.1776 -0.5565 1888.7 0.9996 0.3618 0.2156 -146.6 

EST—Estonia 

27-Feb 15-Mar 18 2.8154 -0.5299 14.1 0.9073 7.6633 47.0510 -135.7 

27-Feb 29-Mar 32 1.4888 -0.5606 24.7 0.9862 2.8680 3.9661 -7.0 

27-Feb 12-Apr 46 0.3691 -0.4165 26.3 0.9967 0.0302 3.2733 48.2 

27-Feb 26-Apr 60 0.2419 -0.4350 24.2 0.9984 0.8450 1.6434 -27.7 

27-Feb 10-May 74 0.0859 -0.4343 22.0 0.9989 0.2867 0.4972 -8.8 

27-Feb 24-May 88 0.0611 -0.4357 20.3 0.9992 0.3463 0.2147 1.3 

FIN—Finland 

29-Jan 15-Mar 47 0.6573 -0.3018 16.0 0.9134 0.8107 8.3266 40.3 

29-Jan 29-Mar 61 1.4721 -0.4404 18.1 0.9969 1.0013 3.4526 -27.6 

29-Jan 12-Apr 75 1.3001 -0.7111 34.3 0.9983 0.9422 1.1637 6.0 

29-Jan 26-Apr 89 1.0449 -0.6718 35.3 0.9994 0.6467 0.4901 16.8 

29-Jan 10-May 103 1.0312 -0.6570 37.9 0.9996 1.6900 4.1957 -259.8 

29-Jan 24-May 117 0.1564 -0.6077 38.0 0.9998 0.0516 1.0958 73.5 

 



Table 1. Continued 
 

Start End T Const phi_1 Sigma R2 MAPE(1) MAPE(7) ME(7) 

FRA—France 

24-Jan 15-Mar 52 4.7387 -0.3747 239.8 0.9537 27.2270 46.0040 5426.2 

24-Jan 29-Mar 66 51.1608 -0.5838 483.7 0.9975 1.1703 8.0500 4934.8 

24-Jan 12-Apr 80 222.1480 -0.6381 2708.4 0.9920 6.7576 35.1960 -50753 

24-Jan 26-Apr 94 10.0816 -0.5297 3322.8 0.9963 1.5726 0.8828 1285.0 

24-Jan 10-May 108 3.0564 -0.5265 3183.0 0.9978 0.0503 0.1518 190.6 

24-Jan 24-May 122 2.9745 -0.5266 2999.3 0.9984 0.1044 1.4146 2588.2 

GBR—United Kingdom 

31-Jan 15-Mar 45 1.3377 -0.2131 72.4 0.9363 21.2900 50.9500 1947.8 

31-Jan 29-Mar 59 41.9625 -0.2673 248.5 0.9968 0.4635 10.5060 4156.0 

31-Jan 12-Apr 73 73.0447 -0.5710 679.9 0.9990 1.1615 2.3200 -2473.6 

31-Jan 26-Apr 87 53.4937 -0.5402 677.0 0.9998 0.3051 0.4732 -522.4 

31-Jan 10-May 101 38.9837 -0.4183 743.3 0.9999 0.0403 0.8757 -2080.0 

31-Jan 24-May 115 22.2725 -0.3896 806.8 0.9999 0.3931 0.5398 -1341.3 

GRC—Greece 

26-Feb 15-Mar 19 4.1131 -0.7548 21.0 0.9475 18.4760 45.1960 -218.0 

26-Feb 29-Mar 33 2.9401 -0.7089 25.7 0.9947 3.6324 4.8392 -75.8 

26-Feb 12-Apr 47 1.0279 -0.6732 26.8 0.9986 1.3347 5.6306 -124.9 

26-Feb 26-Apr 61 0.2084 -0.6314 32.5 0.9988 0.0988 0.6510 16.9 

26-Feb 10-May 75 0.1433 -0.6307 29.6 0.9992 0.1626 0.6254 16.3 

26-Feb 24-May 89 0.0183 -0.6313 27.6 0.9993 0.0684 0.5906 17.2 

HUN—Hungary 

4-Mar 15-Mar 12 0.3993 -0.5577 3.5 0.8819 1.6441 18.6470 17.5 

4-Mar 29-Mar 26 2.2579 -0.4772 6.8 0.9973 4.2139 13.5860 -84.1 

4-Mar 12-Apr 40 2.6682 -0.4050 26.5 0.9955 4.3792 11.4120 -196.7 

4-Mar 26-Apr 54 0.7293 -0.4414 33.9 0.9983 1.9398 4.5237 128.7 

4-Mar 10-May 68 0.6690 -0.4037 31.7 0.9992 0.7273 1.9105 -65.2 

4-Mar 24-May 82 0.3615 -0.4030 29.3 0.9995 0.4347 1.2854 -49.3 

IRL—Ireland 

29-Feb 15-Mar 16 0.4600 -0.2332 16.1 0.8821 17.9520 56.9470 350.6 

29-Feb 29-Mar 30 7.4846 -0.2942 51.3 0.9958 1.9812 7.0278 299.2 

29-Feb 12-Apr 44 17.3248 -0.3210 183.9 0.9953 1.9364 2.2318 228.8 

29-Feb 26-Apr 58 10.8513 -0.3089 195.9 0.9990 1.1661 6.3422 -1324.7 

29-Feb 10-May 72 3.2374 -0.3088 183.2 0.9995 0.4149 1.2210 -290.6 

29-Feb 24-May 86 0.7154 -0.3089 173.2 0.9997 0.0195 0.2269 -56.5 

ISL—Iceland 

28-Feb 15-Mar 17 0.9506 -0.1721 5.9 0.9884 4.6214 23.6520 99.9 

28-Feb 29-Mar 31 2.0372 -0.4762 19.2 0.9964 0.1498 1.1481 -8.1 

28-Feb 12-Apr 45 0.2762 -0.3803 20.9 0.9989 0.1836 0.8410 -14.7 

28-Feb 26-Apr 59 0.0248 -0.3827 18.3 0.9994 0.0922 0.1429 -2.6 

28-Feb 10-May 73 -0.0038 -0.3842 16.5 0.9995 0.0003 0.0424 0.8 

28-Feb 24-May 87 0.0000 -0.3850 15.1 0.9996 0.0213 0.0160 -0.2 

 



Table 1. Continued 
 

Start End T Const phi_1 Sigma R2 MAPE(1) MAPE(7) ME(7) 

ITA—Italy 

31-Jan 15-Mar 45 80.0970 -0.2789 279.0 0.9984 1.5493 5.1787 2225.3 

31-Jan 29-Mar 59 88.3659 0.0036 407.0 0.9998 1.2309 3.6608 -4354.7 

31-Jan 12-Apr 73 55.5008 0.0589 449.3 0.9999 0.5992 2.4265 -4173.5 

31-Jan 26-Apr 87 26.7028 0.0248 477.7 1.0000 0.3060 0.9335 -1936.0 

31-Jan 10-May 101 7.8720 0.0238 456.2 1.0000 0.0268 0.2568 557.0 

31-Jan 24-May 115 4.6200 -0.0022 438.0 1.0000 0.1025 0.1711 -396.8 

LTU—Lithuania 

28-Feb 15-Mar 17 0.1657 -0.7973 0.7 0.9555 13.5110 36.4170 27.9 

28-Feb 29-Mar 31 1.7732 -0.6718 11.4 0.9927 3.6272 7.0654 -47.1 

28-Feb 12-Apr 45 0.6018 -0.6324 12.6 0.9989 1.7874 3.0469 -21.1 

28-Feb 26-Apr 59 0.2229 -0.4999 16.0 0.9991 0.2301 7.1662 -99.4 

28-Feb 10-May 73 0.3486 -0.5381 22.8 0.9985 1.0106 4.5717 -69.6 

28-Feb 24-May 87 0.0973 -0.5376 21.1 0.9989 0.1323 0.3435 -5.1 

LUX—Luxembourg 

29-Feb 15-Mar 16 0.4814 0.0321 3.5 0.9689 12.7570 61.9810 291.2 

29-Feb 29-Mar 30 4.7446 -0.2534 45.9 0.9946 5.7375 5.2971 -132.7 

29-Feb 12-Apr 44 0.4230 -0.2699 50.8 0.9984 0.3114 2.0177 63.4 

29-Feb 26-Apr 58 0.2193 -0.2670 46.2 0.9990 0.1970 0.1938 2.8 

29-Feb 10-May 72 0.1139 -0.2688 41.6 0.9993 0.1630 0.1699 -6.6 

29-Feb 24-May 86 0.0383 -0.2708 38.1 0.9994 0.0737 0.0511 -0.6 

NLD—Netherlands 

27-Feb 15-Mar 18 9.7207 -0.6695 60.7 0.9690 7.0651 22.7390 701.2 

27-Feb 29-Mar 32 35.3328 -0.2723 88.3 0.9993 2.3824 7.0786 -1093.7 

27-Feb 12-Apr 46 25.9117 -0.1035 124.4 0.9998 0.9540 4.0555 -1225.6 

27-Feb 26-Apr 60 10.9160 0.0391 137.0 0.9999 0.6942 3.1602 -1254.7 

27-Feb 10-May 74 3.2971 0.0221 139.4 0.9999 0.2016 0.4868 -212.3 

27-Feb 24-May 88 1.9536 0.0208 129.5 0.9999 0.774 0.0492 -8.9 

NOR—Norway 

26-Feb 15-Mar 19 6.4304 -0.5395 63.9 0.9757 0.6704 2.1690 11.6 

26-Feb 29-Mar 33 8.2163 -0.5002 60.6 0.9979 2.6057 6.7592 -357.0 

26-Feb 12-Apr 47 2.3507 -0.4680 65.4 0.9992 0.4789 2.1225 -146.7 

26-Feb 26-Apr 61 0.5021 -0.4816 63.1 0.9995 0.5185 1.0081 78.1 

26-Feb 10-May 75 0.1766 -0.4799 57.5 0.9996 0.1193 0.3808 31.3 

26-Feb 24-May 89 0.0936 -0.4799 52.9 0.9997 0.0242 0.2349 19.8 

POL—Poland 

4-Mar 15-Mar 12 2.1833 -0.8384 5.7 0.9789 12.4620 28.1830 121.1 

4-Mar 29-Mar 26 9.2498 -0.6342 23.1 0.9986 3.0156 3.8801 69.2 

4-Mar 12-Apr 40 8.9785 -0.6995 50.2 0.9994 1.8938 2.7054 -215.5 

4-Mar 26-Apr 54 6.7101 -0.5910 63.5 0.9997 0.7691 2.3908 -314.8 

4-Mar 10-May 68 4.8088 -0.5394 66.3 0.9999 0.0610 1.1509 203.3 

4-Mar 24-May 82 4.4878 -0.5625 75.9 0.9999 0.2327 0.2565 -48.2 

 



 
Table 1. Continued 
 

Start End T Const phi_1 Sigma R2 MAPE(1) MAPE(7) ME(7) 

PRT—Portugal 

2-Mar 15-Mar 14 5.2361 -0.3441 14.6 0.9641 2.8701 23.2720 247.8 

2-Mar 29-Mar 28 30.4859 -0.5741 92.5 0.9975 7.1340 7.8984 -745.6 

2-Mar 12-Apr 42 13.8209 -0.4990 215.2 0.9985 1.3482 2.3122 -438.9 

2-Mar 26-Apr 56 9.2807 -0.5303 209.8 0.9994 1.6166 4.9787 -1246.0 

2-Mar 10-May 70 2.3456 -0.4540 221.5 0.9995 0.2298 0.3810 90.8 

2-Mar 24-May 84 2.2564 -0.4553 203.5 0.9997 0.1444 0.6636 196.6 

ROU—Romania 

26-Feb 15-Mar 19 0.8396 -0.4247 10.7 0.9356 4.2797 23.4910 76.3 

26-Feb 29-Mar 33 8.7697 -0.6521 46.3 0.9917 2.3178 5.7592 -146.1 

26-Feb 12-Apr 47 8.1700 -0.4795 80.5 0.9982 1.3752 3.5953 -282.5 

26-Feb 26-Apr 61 5.8121 -0.3689 89.0 0.9994 0.3391 2.1623 -271.8 

26-Feb 10-May 75 3.4661 -0.4383 88.4 0.9997 0.3143 1.3186 -216.8 

26-Feb 24-May 89 2.1732 -0.4337 83.2 0.9998 0.1443 -.4654 -80.9 

RUS – Russia 

31-Jan 15-Mar 45 0.1260 -0.2536 3.1 0.9552 22.5620 50.6240 121.7 

31-Jan 29-Mar 59 4.6343 0.0898 16.0 0.9981 1.3078 20.4660 854.2 

31-Jan 12-Apr 73 29.4419 -0.0859 100.4 0.9995 2.0985 12.7780 4363.9 

31-Jan 26-Apr 87 72.2945 -0.3945 314.8 0.9998 0.1239 1.6044 1670.7 

31-Jan 10-May 101 108.9590 -0.1089 411.1 0.9999 0.2460 1.1655 -2903.0 

31-Jan 24-May 115 75.8326 -0.1694 451.8 1.0000 0.0331 0.2683 -971.4 

SRB—Serbia 

6-Mar 15-Mar 10 0.1445 0.0628 4.6 0.9571 9.8715 44.1060 63.8 

6-Mar 29-Mar 24 5.1537 -0.4758 39.7 0.9638 13.0830 8.1041 -31.0 

6-Mar 12-Apr 38 6.9104 -0.4992 52.6 0.9977 3.7287 8.9109 485.4 

6-Mar 26-Apr 52 5.2798 -0.3720 59.8 0.9995 0.5984 3.2380 -296.1 

6-Mar 10-May 66 0.4855 -0.5628 72.1 0.9996 0.9154 1.8902 197.1 

6-Mar 24-May 80 0.8450 -0.5670 67.7 0.9998 0.3117 1.1819 -134.1 

SVK—Slovakia 

6-Mar 15-Mar 10 1.0602 -0.2392 3.7 0.9622 4.4319 12.1100 14.1 

6-Mar 29-Mar 24 0.9399 -0.4226 12.6 0.9847 0.5237 1.6898 3.0 

6-Mar 12-Apr 38 0.3588 -0.3978 18.7 0.9940 1.6770 15.5750 161.8 

6-Mar 26-Apr 52 0.1511 -0.4179 24.6 0.9970 0.5170 1.2986 -18.2 

6-Mar 10-May 66 0.0171 -0.4156 21.9 0.9984 0.0819 0.9476 13.7 

6-Mar 24-May 80 0.0444 -0.4192 20.0 0.9988 0.0918 0.4748 -7.2 

SVN—Slovenia 

5-Mar 15-Mar 11 3.5911 -0.2644 9.1 0.9854 3.5848 29.8990 -100.9 

5-Mar 29-Mar 25 1.8891 -0.1877 15.3 0.9955 3.0913 6.0387 -55.6 

5-Mar 12-Apr 39 0.4885 -0.2586 14.4 0.9988 1.1105 1.3823 -17.5 

5-Mar 26-Apr 53 0.1732 -0.2835 13.3 0.9993 0.3000 0.8830 -12.6 

5-Mar 10-May 67 0.0418 -0.2794 12.0 0.9995 0.0228 0.4802 -7.0 

5-Mar 24-May 81 -0.0054 -0.2804 10.9 0.9996 0.0685 0.2473 3.6 



Table 1. Continued 
 

Start End T Const phi_1 Sigma R2 MAPE(1) MAPE(7) ME(7) 

SWE—Sweden 

31-Jan 15-Mar 45 1.8877 -0.3694 28.3 0.9881 1.3013 5.8482 88.0 

31-Jan 29-Mar 59 5.1481 -0.6072 37.7 0.9986 0.2278 8.1940 493.1 

31-Jan 12-Apr 73 4.6212 -0.0389 69.9 0.9994 1.1233 5.4588 724.4 

31-Jan 26-Apr 87 5.2901 0.0181 79.1 0.9998 0.9486 1.6189 292.9 

31-Jan 10-May 101 4.3691 -0.1812 105.5 0.9998 0.3913 1.3047 350.5 

31-Jan 24-May 115 2.4459 -0.1041 114.4 0.9999 0.2927 3.1014 1132.0 

TUR—Turkey 
11-

Mar 15-Mar 5 0.0512 -0.6450 1.8 0.6331 64.2270 90.0830 365.3 
11-

Mar 29-Mar 19 95.0683 0.0997 265.7 0.9903 2.7861 4.9767 960.5 
11-

Mar 12-Apr 33 149.1350 -0.2642 336.4 0.9996 1.6000 5.7595 -4493.9 
11-

Mar 26-Apr 47 49.9571 0.0169 440.1 0.9999 0.2375 0.4557 -473.9 
11-

Mar 10-May 61 25.2745 0.0590 412.9 0.9999 0.3231 0.2737 -397.1 
11-

Mar 24-May 75 15.1882 0.0396 385.9 1.0000 0.1057 0.3905 -275.4 

UKR—Ukraine 

3-Mar 15-Mar 13 -0.0277 -0.5168 0.7 0.5577 57.7420 83.3660 25.9 

3-Mar 29-Mar 27 3.2843 -0.8172 16.5 0.9835 1.4023 7.4405 77.2 

3-Mar 12-Apr 41 6.7111 -0.2023 40.1 0.9973 1.3679 5.7731 275.1 

3-Mar 26-Apr 55 8.9530 -0.1724 54.3 0.9995 1.1997 2.6222 -278.5 

3-Mar 10-May 69 7.5807 -0.1763 57.0 0.9999 0.7265 2.8594 -493.9 

3-Mar 24-May 83 4.9145 -0.0580 60.4 0.9999 0.7235 1.2244 -275.4 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Figure 1. Cumulative number of confirmed cases of Covid-19 for selected 
European countries (1 Feb 2020–31 May 2020)—Yt 

 

 
Source: own calculation based on db.nomics.world data. 
 
 
Figure 2. Number of daily confirmed cases of Covid-19 for selected European 
countries (1 Feb 2020–31 May 2020)—ΔYt 

 

 
Source: own calculation based on db.nomics.world data.   
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Figure 3. Forecast (7 days) of confirmed cases of COVID-19 ARIMA(1,2,0) based 
for 6 periods for 32 selected countries 
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Figure 3. Continued  
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Figure 3. Continued 
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Figure 3. Continued 
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