
500

PROBLEMS OF VIROLOGY (VOPROSY VIRUSOLOGII). 2024; 69(6)
https://doi.org/10.36233/0507-4088-265

ORIGINAL RESEARCHES

ORIGINAL STUDY ARTICLE
DOI: https://doi.org/10.36233/0507-4088-265
© ZAKHAROV V.V., BALYKINA YU.E., 2024

Retrospective analysis and forecasting of the spread  
of viruses in real time: the case of COVID-19  
in St. Petersburg and Moscow in 2020–2021
Victor V. Zakharov, Yulia E. Balykina

St. Petersburg State University, 99034, St. Petersburg, Russia

Abstract
The aim of the study is to apply mathematical methods to generate forecasts of the dynamics of random values 
of the percentage increase in the total number of infected people and the percentage increase in the total number 
of recovered and deceased patients. The obtained forecasts are used for retrospective forecasting of COVID-19 
epidemic process dynamics in St. Petersburg and in Moscow.
Materials and methods. When conducting a retrospective analysis and forecasting the dynamics of the total 
number of cases and the dynamics of the total number of patients who have either died or recovered, the values of 
percentage increases in these indicators were used. Retrospective analysis and forecasting of the dynamics of the 
COVID-19 epidemic process were carried out over 14-day time intervals, starting from March 25, 2020 to January 
20, 2021, using the time series forecasting method proposed by the authors. 
Results and discussion. The retrospective two-week forecasts of the total number of cases and the number 
of active cases presented in the paper demonstrated a high accuracy performance, both in Moscow and St. 
Petersburg. The MAPE (mean absolute percentage error) for the total number of cases at the peaks of incidence, 
generally, did not exceed 1%. It is shown that the accuracy of the obtained retrospective forecasts of the total 
number of cases in St. Petersburg, built starting from May 2020, has increased significantly compared to the April 
forecasts. A similar conclusion can be made regarding the forecasts of the total number of cases in Moscow in 
April and May 2020.
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Ретроспективный анализ и прогнозирование 
распространения вирусов в реальном времени:  
на примере COVID-19 в Санкт-Петербурге  
и в Москве в 2020–2021 гг.
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Резюме
Цель исследования – применение математических методов для построения прогнозов динамики случай-
ных значений процентного прироста общего количества заболевших и процентного прироста общего коли-
чества выздоровевших и умерших пациентов с проверкой методов при ретроспективном прогнозировании 
динамики эпидемического процесса COVID-19 в Санкт-Петербурге и в Москве. 
Материалы и методы. При ретроспективном прогнозировании динамики общего количества заболевших 
COVID-19 и динамики общего количества пациентов, завершивших болезнь, использованы прогнозные зна-
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чения процентных приростов этих показателей. Ретроспективный анализ и вычислительные эксперимен-
ты по прогнозированию динамики эпидемического процесса COVID-19 проводили на промежутках длиной  
14 сут, начиная с 25 марта 2020 г. до 20 января 2021 г., с использованием метода прогнозирования времен-
ны́х рядов, предложенного авторами данной статьи. 
Результаты и обсуждение. Представленные в работе ретроспективные 2-недельные прогнозы общего ко-
личества заболевших и количества активных случаев COVID-19 продемонстрировали достаточно высокую 
точность как в Москве, так и в Санкт-Петербурге. Ошибка MAPE (mean absolute percentage error) общего 
количества заболевших на пиках заболеваемости, как правило, не превышала 1%. Показано, что точность 
полученных ретроспективных прогнозов общего количества заболевших в Санкт-Петербурге, построенных 
начиная с мая 2020 г., значительно возросла по сравнению с апрельскими прогнозами. Аналогичное заключе-
ние можно сделать и относительно прогнозов общего количества заболевших в Москве в апреле и мае 2020 г.

Ключевые слова: SARS-CoV-2; COVID-19; эпидемический процесс; заболеваемость; активные случаи 
болезни; ретроспективный анализ; прогнозирование; моделирование
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Introduction

The epidemic of a new coronavirus infection 
(COVID-19) in the Russian Federation, which started 
in March 2020, involved the population of all regions of 
the country in the epidemic process. By the end of De-
cember 2020, more than 3 million COVID-19 cases had 
been registered in the country. This pace of the epidemic 
has resulted in a significant increase in the burden on the 
health care system. At the same time, the problem of the 
lack of effective methods for predicting the dynamics of 
the spread of the new virus, a parameter that had not yet 
been studied, also became an issue. The World Health 
Organization (WHO) recognizes that the availability of 
adequate mathematical models of virus spread and the 
development of methods for predicting epidemic dy-
namics can play a key role in informing decision-mak-
ing by health resource and policy makers. Such models 
help to provide insights into the future dynamics of in-
fectious disease spread and the potential role of different 
types of public health intervention strategies [1, 2]. Ma-
ny researchers use a three-compartment SIR model to 
describe the processes of infectious disease spread. The 
population of a country where an infection is spreading 
is divided into 3 groups (compartments): Susceptible, 
Infected and Removed (recovered or deceased). It is as-
sumed that the population of the country is equal to the 
sum of the numbers of these 3 groups. The model was 
first described in a general form in the study by W. Ker-
mack and A. McKendrick in 1927 [3], but the greatest 
interest of researchers was further focused on the spe-
cial case of this model in the form of a system of 3 dif-
ferential equations with constant coefficients [4]. Some 
specialists prefer the SIR model because of the small 
number of parameters required as inputs and the wide 
possibilities for applying traditional classical approach-
es to modeling and using computational algorithms. 
However, this advantage simultaneously becomes a dis-
advantage, since the simplification of the model gener-
ates inaccuracy of the forecasts obtained on their basis 

compared to the actual values of the main variables of 
the epidemic process [5–7]. A number of articles [8–11] 
provide examples of the application of the ARIMA au-
toregressive model in the generation of forecasts of pan-
demic spread in a number of countries of the world. It is 
noted that this model, compared to other tools, provides 
more accurate forecasts; however, although time series 
models are a popular forecasting tool, their application 
to assess the spread of new infections does not always 
make it possible to build forecasts with a high degree of 
accuracy. 

In addition to different varieties of ARIMA family 
models, various machine learning techniques, includ-
ing decision trees and ensemble models such as random 
forest and gradient boosting, can also be used to predict 
COVID-19 dynamics [12, 13]. These techniques can take 
into account many factors, including infection rates, pop-
ulation mobility, and social distance measures applied. 
Artificial neural networks are also widely used due to 
their ability to process time series and make predictions 
from sequential data [14–16].

Several articles [17–20] have been devoted to the study 
of the regularities of epidemic spread of SARS-CoV-2 at 
the initial stage of the COVID-19 pandemic in the Rus-
sian Federation, Moscow and St. Petersburg in 2020, in 
which a number of important periods in the dynamics of 
detecting new cases of COVID-19 have been identified: 
an increase in incidence, a period of epidemic quiescence, 
a period of epidemic rise, and a period of persistently high 
incidence of COVID-19. It should be noted that an im-
portant motivation for the present study was, among other 
things, publications on the contribution of Academician 
V.D. Belyakov [21, 22] to the development of ideas about 
a unified (“general medical” in his definition) epidemi-
ology including non-communicable diseases. In earlier 
articles [23–25], the authors of this article proposed an 
approach, the main idea of which is to first forecast future 
predictive trends of stochastic parameters of the epide-
mic process, and then to calculate future trajectories of 
the main variables of this process. 
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The aim of this study is to generate forecasts of the dy-
namics of time series of random values of the percentage 
increase in the total number of infected people and the 
percentage increase in the total number of patients who 
recovered and died, and to describe the results of using 
the methods developed by the authors for retrospective 
forecasting of the dynamics of epidemic processes in  
St. Petersburg and Moscow.

Materials and methods
The study was carried out by the scientific team of the 

Center for Analysis of Dynamic Processes and Systems 
at St. Petersburg State University. When conducting com-
putational experiments to predict the dynamics of the 
COVID-19 epidemic process in St. Petersburg in the pe-
riod from March 2020 to June 2020 and in Moscow from 
September 2020 to January 2021, we used time series data 
of the official registration of the daily number of new cas-
es of the disease and the number of cases of completion 
of the disease (recovery or death of patients), presented 
on the website стопкоронавирус.рф and statistical data 
from the CSSE Center of Johns Hopkins University1. 

In terms of mathematical statistics, data on new cases 
of disease form a time series of xinf(t) (the number of new 
cases on day t, and data on the number of cases of disease 
outcomes (patients recovered or deceased) form a time 
series of xof(t), where t – is a particular day of the epide-
mic. Let us denote by Xinf(t) the total number of confirmed 
cases from the beginning of the epidemic up to and in-
cluding day t, and by Xof(t) – the total number of patients 
who underwent the disease by that day. The resulting time 
series Xinf(t) and Xof(t) are called the integral form of the 
time series xinf(t) and xof(t) respectively. The expression 
of the trend in the dynamics of new cases of the disease 
(growth/decline) is usually described by the method pro-
posed by V.D. Belyakov [26]. It should be noted that since 
the members of the time series xinf(t) take random values, 
which can increase or decrease, the percentage increase in 
the number of new cases, as well as the growth/decrease 
trend, can take both negative values and positive values 
(or equal to 0). We denote the percentage increase in the 
number of new cases on day t relative to the number of 
new cases on day t – 1 by r(t) and calculate it according 
to the following formula:

( ) =
( ) ( 1)

( 1) 100%. 

The upward/downward trend in the number of new cas-
es is described as the average percentage increase over 
specified time intervals and is used as an important char-
acteristic in monitoring the epidemic process [17]. How-
ever, its use in predicting the future dynamics of the epi-
demic process in real time is problematic, mainly because 
its values randomly change sign from plus to minus.  
It can be observed that the time series Xinf(t) and Xof(t), un-
like the time series xinf(t) and xof(t), are non-negative and 
increase with time. In the present study, we considered 

the percentage increase in the total number of patients  
rinf(t) and the percentage increase rof(t) in the total number 
of patients for whom the disease has ended as the main 
parameters of the epidemic process dynamics [23–25]. 
The values of these parameters for any day t of the ep-
idemic can be calculated using the following formulas:

 ( ) =
( ) ( 1)

( 1)  100% =
( )

( 1)  100%  

 ( ) =
( ) ( 1)

( 1) 100% = 
( )

( 1) 100%  

Given that the numerator and denominator of the pre-
sented formulas are terms of time series; the indicated 
percentage increases also form a time series of random 
variables. During an epidemic, the total number of cas-
es and the total number of patients who have underwent 
the disease tend to increase strictly, so the values of these 
parameters can be considered positive for any day except 
for the day on which the number of new cases is 0. Fur-
thermore, if the percentage increase rinf(t) is greater than 
the percentage increase rinf(t – 1), then it is expressed with 
the following inequality

( )
( 1) >

( 1)
( 2) 

or similarly:
( )

( 1) >
( 1)
( 2) ≥1 . 

From the last inequality we can conclude that as the 
percentage increase in the total number of cases increas-
es, the number of new cases also increases. However, the 
statement that the number of new cases decreases as the 
percentage increase in the total number of cases decreases 
is not always true.

The same is true for the percentage increase in the 
total number of patients who recovered and those who 
died. Another trend that can be found when analyzing 
incidence statistics in St. Petersburg and Moscow in 
May 2020 is that the decline in the percentage increase in 
the total number of cases began about a week before the 
peak in the number of new cases. The same situation was 
repeated in December 2020. Therefore, we believe that 
monitoring the dynamics of changes in the percentage in-
crease in the total number of cases is essential in forecast-
ing the dynamics of both the total number of cases and 
new cases of the disease. 

For the purposes of this study, 20 consecutive 2-week 
retrospective projections of the percentage increase in the 
total number of infected people and the percentage in-
crease in the total number of completed cases were gen-
erated for the 2020 year statistics in St. Petersburg and 
Moscow. 

Referring to Table, it can be observed that the per-
centage increase in the total number of infected people 
in St. Petersburg after April 22, 2020 has a clear down-
ward trend. The same situation was observed in Mos-
cow. A similar trend, although of a less pronounced 
nature and with a lag of 2–3 weeks, has a percentage 
increase in the total number of patients for whom the 
disease has ended.

1COVID-19 Data Visualization Center [Internet]. Johns Hopkins 
Coronavirus Resource Center. Доступно по: https://coronavirus.jhu.
edu/data
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Our method of making a forecast on a specific given 
day involves, at the 1st stage, the selection of a suitable 
function (linear, power or exponential) to approximate 
the values of the percentage increases rinf(t) and rof(t) for 
the preceding 14 days before the day of making the fore-
cast. After completion of step 1, the selected approximat-
ing function was used to calculate the forecast values of 
percentage increases inf(t) and of(t) for the next 14 days 
following the day of forecast generation. The obtained 
values of percentage increases were used to calculate, 
within the forecasting horizon, the forecast values of  

inf(t) and of(t) with the following formulas:

( ) = ( 1) 1+
 ( )

100
. ˜˜

For each day t of the forecasting interval, we can calcu-
late the deviation e(t) of the forecast value from the actual 
value, e.g:

and the absolute forecast error: 

The MAPE (mean absolute percentage error), which 
is often used in statistics, was chosen as the average 
forecast error for each forecast interval. MAPE values 
were calculated for a forecasting interval of 14 days by 
the formula:

Results
The results of the computational experiments are pre-

sented in Tables 1–8S in the Appendix. Tables 1–3S 
show the forecasts of the dynamics of percentage in-
creases in the total number of patients in St. Petersburg 
since the beginning of the epidemic, generated on 
April 8 and 22, May 6 and 20, June 3 and 17, 2020. 

The average MAPE error for the forecast of the total 
number of infected people, generated on April 8, 2020, 
is 5.15%, while the error for the forecast on April 22 is 
equal to 19.66%. Thus, the accuracy of the forecasts of 
the total number of infected people in April was not very 
high. The average MAPE error for the forecast generat-
ed on May 6, 2020 is 4.52% (Fig. 1). It should be noted 
that the June forecasts presented in Table 3S already have 
higher accuracy than the May forecasts. 

The MAPE error for the June 3, 2020 forecast is equal 
to 3.17%, while the error for the June 17 forecast is 0.77%.

Data on certain forecasts during the fall and winter 
period in Moscow are shown in Tables 3S and 6S. The 
MAPE error for the forecast in Moscow made on No-
vember 25, 2020 is equal to 0.13%, while the error for 
the forecast made on December 9 is equal to 0.13%. The 
MAPE error for the forecast made on December 23, 2020 
is equal to 0.17%, while the error for the forecast made on 
January 6, 2021 is equal to 0.30% (Fig. 2).

It is well known that the number of active cases on 
any given day can be calculated by subtracting the total 
number of patients who recovered and the total number 
of patients who died from the total number of cases. The 
predicted number of active cases was calculated as the 
difference between the predicted total number of cases 
and the predicted total number of patients who under-
went the disease. Fig. 3 and Table 6S show the predict-
ed and actual values of the number of active cases in St. 
Petersburg during the epidemic peak in May 2020. Ta-
ble 7S contains data on forecasts of the number of new 
cases and the number of active cases in Moscow from 
December 24, 2020 to January 6, 2021 during the epi-
demic peak period (Figs. 4, 5). The maximum values of 
actual and forecasted values of active cases in the vicinity 
of the epidemic peaks of the first and second wave are 
highlighted in bold in the tables.

In order to assess the possibility of predicting a sharp 
increase in incidence when the Delta strain spreads in 
Moscow in June 2021, we turned to statistical data on the 
dynamics of COVID-19 for this period. A sharp increase 
in incidence was observed from June 8 to June 15, 2021. 
Monitoring of the dynamics of the percentage increase 
in the total number of confirmed cases showed that the 
change in the trend of steady decrease in the percentage 
increase was observed until June 2, then its value stopped 
for 3 days at 0.24%, after which the percentage increase 
began to increase. By June 8 the value of the percentage 
increase has already reached the level of 0.32%. Such 
a rapid rise in the percentage increase within 4 days, in 
our opinion, may indicate a possible further exponential 
growth of the percentage increase and the number of new 
cases. The retrospective forecast biult on June 8 for 6 days 
using our proposed methods is shown in Table 8S and 
Fig. 6. It has a MAPE error of 0.06% for total cases 
and 10.41% for new cases. 

Discussion
Computational experiments showed that in 

April 2020, the dynamics of the percentage increase in 
the total number of cases in St. Petersburg was difficult 
to predict, but the forecasts made in May-June were al-
ready quite accurate. The accuracy of the obtained retro-
spective forecasts of the total number of the infected peo-
ple, generated in May 2020, has significantly increased 
in comparison with April (Table 2S and Fig. 1). In our 
opinion, this can be explained by the fact that the select-
ed forecasting method passed the stage of training on 
current data in April and then was adapted to use for the 
new data obtained in May. It can be concluded that the 
uncertainty in estimating the future dynamics of the epi-
demic process by the beginning of May was significantly 
reduced. The effectiveness of the proposed forecasting 
method was also confirmed when generating retrospec-
tive 2-week forecasts in Moscow (Tables 4S and 4S, 
Fig. 2). It should be noted that during the periods of 
the beginning of the spread of more virulent strains of 
COVID-19 and during the introduction of strict measures 
to counteract the spread of the epidemic, the accuracy of 
the method proposed in this article may be limited. Such 
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Table. Total number of registered COVID-19 cases in St. Petersburg in April–June 2020
Таблица. Общее количество заболевших COVID-19 в Санкт-Петербурге в апреле–июне 2020 г.

Date
Дата

Total number of cases, abs.
Общее число заболевших, абс. rinf(t), %

Date
Дата

Total number of cases, abs.
Общее число заболевших, абс. rinf(t), %

12.04.2020 557 14.14 21.05.2020 12 203 3.46

13.04.2020 678 21.72 22.05.2020 12 592 3.19

14.04.2020 799 17.85 23.05.2020 12 955 2.88

15.04.2020 929 16.27 24.05.2020 13 339 2.96

16.04.2020 1083 16.58 25.05.2020 13 713 2.80

17.04.2020 1507 39.15 26.05.2020 14 076 2.65

18.04.2020 1646 9.22 27.05.2020 14 463 2.75

19.04.2020 1760 6.93 28.05.2020 14 846 2.65

20.04.2020 1846 4.89 29.05.2020 15 215 2.49

21.04.2020 1973 6.88 30.05.2020 15 580 2.40

22.04.2020 2267 14.90 31.05.2020 15 949 2.37

23.04.2020 2458 8.43 01.06.2020 16 313 2.28

24.04.2020 2711 10.29 02.06.2020 16 689 2.30

25.04.2020 2926 7.93 03.06.2020 17 069 2.28

26.04.2020 3077 5.16 04.06.2020 17 444 2.20

27.04.2020 3238 5.23 05.06.2020 17 822 2.17

28.04.2020 3436 6.11 06.06.2020 18 169 1.95

29.04.2020 3726 8.44 07.06.2020 18 509 1.87

30.04.2020 4062 9.02 08.06.2020 18 835 1.76

01.05.2020 4411 8.59 09.06.2020 19 153 1.69

02.05.2020 4734 7.32 10.06.2020 19 466 1.63

03.05.2020 5029 6.23 11.06.2020 19 769 1.56

04.05.2020 5346 6.30 12.06.2020 20 043 1.39

05.05.2020 5572 4.23 13.06.2020 20 305 1.31

06.05.2020 5884 5.60 14.06.2020 20 561 1.26

07.05.2020 6190 5.20 15.06.2020 20 813 1.23

08.05.2020 6565 6.06 16.06.2020 21 047 1.12

09.05.2020 6990 6.47 17.06.2020 21 275 1.08

10.05.2020 7404 5.92 18.06.2020 21 506 1.09

11.05.2020 7711 4.15 19.06.2020 21 734 1.06

12.05.2020 8050 4.40 20.06.2020 21 966 1.07

13.05.2020 8485 5.40 21.06.2020 22 195 1.04

14.05.2020 8945 5.42 22.06.2020 22 412 0.98

15.05.2020 9486 6,05 23.06.2020 22 632 0.98

16.05.2020 10 011 5.53 24.06.2020 22 850 0.96

17.05.2020 10 462 4.51 25.06.2020 23 071 0.97

18.05.2020 10 887 4.06 26.06.2020 23 294 0.97

19.05.2020 11 340 4.16 27.06.2020 23 518 0.96

20.05.2020 11 795 4.01 28.06.2020 23 735 0.92

situations require additional study. In the framework of 
the present study, computational experiments were con-
ducted to generate 2-week retrospective forecasts not on-

ly of the dynamics of the total number of infected people, 
but also forecasts of the dynamics of the number of daily 
new cases, the total number of patients who underwent 
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Fig. 2. Two-week forecasts of the total number of cases in Moscow 
in December 2020.

Рис. 2. Двухнедельные прогнозы общего количества заболев-
ших в Москве в декабре 2020 г.

Fig. 1. Two-week forecasts of the total number of cases  
in St. Petersburg in May 2020.

Рис. 1. Двухнедельные прогнозы общего количества заболев-
ших в Санкт-Петербурге в мае 2020 г.

Fig. 3. Forecast of the number of active cases in St. Petersburg in 
May–June 2020.

Рис. 3. Прогноз количества активных случаев болезни в 
Санкт-Петербурге в мае–июне 2020 г.

Fig. 4. Forecast of the number of active cases in Moscow  
in December 2020.

Рис. 4. Прогноз количества активных случаев болезни в Москве 
в декабре 2020 г.

Fig. 5. Forecast of new cases in Moscow in December 2020.
Рис. 5. Прогноз новых случаев болезни в Москве  

в декабре 2020 г.

Fig. 6. Forecast of new cases in during the spread of delta strain  
in Moscow in June 2021.

Рис. 6. Прогноз новых случаев при распространении штамма 
дельта в Москве в июне 2021 г.

the disease, and the number of active cases (the cur-
rent number of infected people). The forecasting results 
demonstrated quite high accuracy of the obtained fore-
casts. As examples, Tables 6S and 7S also show data on 

forecasts and actual values of the number of active cases 
during the epidemic peaks in May 2020 in St. Petersburg 
(Fig. 3) and in December 2020 in Moscow (Fig. 4). These 
figures show that the predicted values of the number of 
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active cases when approaching the peak of the epidemic 
differ insignificantly from the actual values. The MAPE 
error of forecasting active cases in Moscow at the fore-
cast horizon from December 25, 2020 to January 6, 2021 
is equal to 6.16%. In the initial period of the rise in in-
cidence, the actual maximum level (10,619) of infected 
people in St. Petersburg was recorded on June 6, and it 
was forecasted to be 12,210 active cases and was pro-
jected for June 2. The maximum number of new cases 
during the second incidence upswing in Moscow was 
predicted to be 8,237 on December 25, 2020, and the ac-
tual value (8,203) was recorded on December 24 (Fig. 5). 
The MAPE error of forecasting new cases in Moscow at 
the forecast horizon from December 25, 2020 to Janu-
ary 6, 2021 is equal to 15.12%.

Conclusion
The analysis of the dynamics of the daily number 

of new COVID-19 cases shows that this change in the 
course of the entire epidemic has a stochastic character, 
is difficult to predict and, as a consequence, creates sig-
nificant uncertainty in the assessment of future values of 
this indicator and the evolution of the epidemic process. 
The method considered in this paper for predicting fu-
ture values of percentage increases in the total number 
of infected people and the total number of patients who 
have undergone the disease, was tested on statistical data 
from the portal стопкоронавирус.рф in the period from 
March 2020 to June 2021. The retrospective 2-week fore-
casts of the total number of confirmed cases during the 
two peak periods of the epidemic, when the burden on 
the health care system was at its highest, made during the 
computational experiments and described in the paper, 
demonstrated sufficiently high accuracy. The accuracy of 
the resulting retrospective forecasts of the total number of 
cases made in May was significantly improved compared 
to the accuracy of the April forecasts. In our opinion, this 
indicates that the selected method for forecasting the dy-
namics of the percentage increase in the total number of 
cases was focused on current data in April and then adapt-
ed to be used for new data from May 2020. The applica-
tion of the forecasting method proposed in this study was 
also quite effective in predicting the dynamics of active 
cases and new cases in the vicinity of the peaks of the first 
and second wave epidemics. 
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