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Abstract
Russia has been currently in the “hard-hit” area of the COVID-19 outbreak, with more than 396,000 confirmed cases as of May 30.
It is necessary to analyze and predict its epidemic situation to help formulate effective public health policies. Autoregressive
integrated moving average (ARIMA) models were developed to predict the cumulative confirmed, dead, and recovered cases,
respectively. R 3.6.2 software was used to fit the data from January 31 to May 20, 2020, and predict the data for the next 30 days.
The COVID-19 epidemic in Russia was divided into two stages and reached its peak in May. The epidemic began to stabilize on
May 19. The case fatality rate has been at an extremely low level. ARIMA (2,2,1), ARIMA (3,2,0), and ARIMA (0,2,1) were the
models of cumulative confirmed, dead, and recovered cases, respectively. After testing, the mean absolute percentage error (MAPE)
of threemodels were 0.6, 3.9, and 2.4, respectively. This paper indicates that Russia’s health system capacity can effectively respond
to the COVID-19 pandemic. Three ARIMA models have a good fitting effect and can be used for short-term prediction of the
COVID-19 trend, providing a theoretical basis for Russia to formulate new intervention policies.
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Introduction

Since January 2020, a new coronavirus from Wuhan, China,
has been spreading around the world and is named coronavi-
rus disease 2019 (COVID-19). Since the World War II, the
COVID-19 pandemic is the most serious global crisis, affect-
ing almost all countries on our planet [1]. OnMarch 11,WHO
publicly announced COVID-19 as a “global pandemic.”As of
May 30, 2020, it infected more than 6 million population and
killed more than 367,000 people (https://www.who.int/docs/
default-source/coronaviruse/situation-reports). The pandemic
is still growing in most countries and is far from under control.
Russia is currently in the “hard-hit” area of the COVID-19

outbreak, with more than 396,000 confirmed cases as of
May 30. From May 2 to May 30, more than 8000 new cases
were confirmed daily (https://www.worldometers.info/
coronavirus/country/Russia). It is also posing a challenge to
the prevention and control of the second wave of the epidemic
in China, bordering with Russia. Therefore, the construction
of a reasonable prediction model in Russia contributes to
prevent and control the spread of COVID-19. Moreover, it
can provide a methodological reference for the prediction of
infectious diseases in the future.

In recent studies, the prediction models of COVID-19 are
mainly divided into two categories, which are infectious dis-
ease models and their modified models, and artificial intelli-
gence algorithms based on massive data. For example,
Shengli et al. [2] established an SEIR epidemic dynamics
model that can be used to evaluate and predict the COVID-
19 epidemic in Hubei province. Yang et al. [3] applied mod-
ified SEIR and AI to predict the trend of China’s COVID-19
under public health intervention. Pereira et al. [4] developed a
modified stacked auto-encoder for modeling the transmission
dynamics of the epidemics and applied this model to forecast-
ing COVID-19 dynamics in Brazil. Al-Qaness et al. [5] im-
proved the adaptive neuro-fuzzy inference system (ANFIS) by
applying an enhanced flower pollination algorithm using the

* Guixia Pan
pgxkd@163.com

Lanlan Fang
fanglanlanxi@163.com

Dingjian Wang
Wangdingjian666@163.com

1 Department of Epidemiology and Biostatistics, School of Public
Health, Anhui Medical University, 81 Meishan Road,
Hefei 230032, Anhui, China

SN Comprehensive Clinical Medicine (2020) 2:2521–2527
https://doi.org/10.1007/s42399-020-00555-y

http://orcid.org/0000-0002-1278-8486
https://www.who.int/docs/default-ource/coronaviruse/situation-eports
https://www.who.int/docs/default-ource/coronaviruse/situation-eports
https://www.worldometers.info/coronavirus/country/Russia
https://www.worldometers.info/coronavirus/country/Russia
mailto:pgxkd@163.com
http://crossmark.crossref.org/dialog/?doi=10.1007/s42399-020-00555-y&domain=pdf


Salp Swarm Algorithm to estimate the number of confirmed
COVID-19 cases in China. However, they also have their
disadvantages. Epidemiological models require parameters
and depend onmany assumptions. Artificial intelligence algo-
rithm requires huge amounts of data, high complexity, and
uncertainty [6].

To overcome these limitations and help public health plan-
ning and decision-making, we try to use the autoregressive in-
tegrated moving average (ARIMA) model, which has the ad-
vantages of simple structure, strong applicability, and strong
data set interpretation ability [7]. It has been widely used for
short-term prediction of infectious diseases. For instance,
Earnest et al. [7] used the ARIMAmodel to predict and monitor
the number of beds occupied during a SARS outbreak in a
tertiary hospital in Singapore. Wang et al. [8] estimated the
morbidity of Influenza in Ningbo, China, 2006–2014 by the
ARIMA model. Singh et al. [9] forecasted the transmission tra-
jectory of COVID-19 disease in the 15 worst-hit countries in the
next 2 months based on the ARIMA model. Therefore, we
respectively established the ARIMA model based on the mon-
itoring data of cumulative confirmed cases, cumulative death
cases, and cumulative recovered cases of COVID-19 in Russia
as of May 20, 2020, to predict the trend in the next 30 days.

Methods

Data Collection

From January 31 to May 30, 2020, Russia’s COVID-19 daily
reported cumulative confirmed, dead, and recovered data were
extracted from the John Hopkins Coronavirus resource center
(https://coronavirus.jhu.edu/). The data from January 31 to
May 20 is used as a training set to build ARIMA models,
and the data from May 21 to May 30 is used as a
verification set to test the accuracy of these models.

Excel 2010 is used to build the Russian COVID-19 time
series database, and R 3.6.2 software is used to build and
predict the ARIMA model. Descriptive statistics of the
COVID-19 data of Russia between 2020/1/31 and 2020/5/20
are given in Table 1.

ARIMA Model

The ARIMA model is a time series forecasting method pro-
posed by Box and Jenkins in the 1970s. The model includes
AR(p), MA(q), ARMA (p, q), ARIMA (p, d, q), and so on.
Among them, ARIMA (p, d, q) means that the time series is
differentiated d times, and each observation in the sequence is
represented by a linear combination of the past p observations
and q residuals [10]. p and q are the autoregressive order and
moving average order, and d is the different order. The basic
idea of the model is to treat the sequence as a set of time-

dependent random variables and describe it with a mathemat-
ical model, based on the previous sequence value to predict
future values [11]. The predicted value represents a linear
function composed of the most recent true value and the most
recent prediction error. The ARIMA (p, d, q) model can be
presented as given in the Eq. (1).

yt ¼ μþ β1yt−1 þ β2yt−2 þ⋯

þ βpyt−p−ϑ1εt−1−ϑ2εt−2⋯−ϑqεt−q þ εt ð1Þ

Table 1 Descriptive statistics of COVID-19 in Russia 2020/1/31–2020/
5/20

Cases Confirmed Dead Recovered

Mean 48,819 451 8313

St. Dev 85,093 794 18,299

Maximum 308,705 2972 85,392

Minimum 2 0 0

Skewness 1.73 1.74 2.55

Kurtosis 1.70 1.77 5.76

Fig. 1 The cumulative confirmed, death, recovered, and existing
COVID-19 cases between Jan 31st, 2020, and May 20th, 2020 (a). The
daily new confirmed, death, and recovered COVID-19 cases between
Feb 1st, 2020, and May 20th, 2020 (b)
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The steps to build the ARIMA model include the
following:

(1) Stationarity test

Use the augmented Dickey-Fuller (ADF) test to detect
whether the time series is stationary. The P value of the
ADF test is less than 0.05, indicating that the sequence is
stationary. If the original sequence is not stationary, it can
be converted to a stationary sequence by differential oper-
ation [12, 13], and the value of d is determined.

(2) Model identification

Use the autocorrelation (ACF) graph and partial autocorre-
lation (PACF) graph to determine the values of p and q.

(3) Fit and evaluation model

Use Box. Test () function to test whether the residual
sequence is white noise. P > 0.05, the residual sequence is
white noise. The ARIMA model can better fit the data. In
this study, mean percentage error (MPE), mean absolute
percentage error (MAPE), and mean absolute standardized
error (MASE) were applied to verify the fitting effect of
the developed ARIMA model.

(4) Predict the data for the next 30 days

Compare the actual values with the predicted values
from 5.21 to 5.30 to test the accuracy of the model. With
MAPE as the standard, the smaller the value, the higher the

Fig. 2 The ACF and PACF
graphs for the series of confirmed
(a), death (b), and recovered (c)

Table 2 Forecast index of ARIMA models

Models Box-Pierce test Fitting index of model

γ2 df P values MPE MAPE MASE

ARIMA (2,2,1) 18.31 15 0.25 1.15 4.32 0.08

ARIMA (3,2,0) 15.32 15 0.43 2.13 11.75 0.16

ARIMA (0,2,1) 13.49 15 0.57 2.05 7.71 0.30
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model accuracy [14]. It is expressed mathematically in the
Eq. (2).

MAPE ¼ 1

n
∑
n

0
jet
yt
j ð2Þ

Results

The Tendency Analysis of COVID-19 in Russia

As seen in Fig. 1a, Russia has 308,705 confirmed cases,
2972 deaths, 85,392 recovery cases, and 220,341 existing
cases as of May 20, 2020. The cumulative number of con-
firmed cases remained at 2 cases from January 31 to
March 1 and was recovered from the hospital on
February 12. Therefore, the Russian epidemic was free
from February 12 to March 1. Russia’s case fatality rate
has always been at a very low level of 0.96% as of May 20.
As seen from Fig. 1b, daily increased confirmed slowly
from March 2 to March 24, with a maximum of 71 new
cases in a single day. However, from March 25th to
May 20th, there was a rapid upward trend, with new cases
breaking through 1000, 5000, and 10,000 cases on April 7,
April 19, and May 2, respectively. It reached a maximum
of 11,656 cases on May 11. Since then, there has been a
downward trend. The number of recovered cases has been
on the rise. From May 7, the number of newly recovered
cases per day was maintained at more than 2000. In par-
ticular, on May 20 up to 9262 cases were recovered, which
coincided with newly confirmed cases. It indicated that the
epidemic in Russia maintained a balanced state and was
controlled.

Estimating the Cases of COVID-19 Using the ARIMA
Model

(1) Stationarity test

Judging from Fig. 1a, the original sequence has a clear long-
term trend, indicating that it is not stable. Use the diff () function
for the second-order difference, and then use the adf.test ()
function for the ADF test. The results show that Dickey-
Fuller (confirm) = 3.55, P = 0.04; Dickey-Fuller (death) =
7.01, P = 0.01; Dickey-Fuller (recover) = − 6.66, P = 0.01, so
the sequence after the difference is stationary, and d = 2.

(2) Model identification

Determine the value of p and q according to ACF and
PACF graphs of the sequence after difference. Figure 2a
shows that ACF and PACF are both gradually reduced to 0,
using the ARIMA (p, d, q) model. Take 0, 1, 2, respectively,
and experiment from low order to high order one by one.
Debug one by one according to the minimum principle of
Akaike information criterion (AIC), and finally choose
ARIMA (2,2,1) as the confirmed model. Figure 2b shows that
the ACF graph shows tailing, and the PACF graph decreases
to 0 after the third order, that is, the third-order truncation, P =
3, so the dead model is ARIMA (3,2,0). Figure 2c shows that
the ACF graph decreases to 0 after the first order, that is, the
first-order truncation, q = 1, and the PACF graph shows tail-
ing, so the recovered model is ARIMA (0,2,1).

(3) Fit and evaluation model

It is seen from Table 2 that the residual sequences are all
white noise sequences (P > 0.05). The values ofMPE,MAPE,

Table 3 Comparison of the reality and predicted values of 5.21–5.30

Date Confirmed Death Recovered

Reality Predict ∣et/yt∣ Reality Predict ∣et/yt∣ Reality Predict ∣et/yt∣

5.21 317,554 317,466 0.00 3099 3096 0.00 92,681 92,731 0.00

5.22 326,448 326,087 0.00 3249 3205 0.01 99,825 100,070 0.00

5.23 335,882 334,621 0.00 3388 3316 0.02 107,936 107,409 0.00

5.24 344,481 343,064 0.00 3541 3435 0.03 113,299 114,747 0.01

5.25 353,427 351,427 0.01 3633 3557 0.02 118,798 122,086 0.03

5.26 362,342 359,716 0.01 3807 3675 0.03 131,129 129,425 0.01

5.27 370,680 367,937 0.01 3968 3789 0.05 142,208 136,764 0.04

5.28 379,051 376,096 0.01 4142 3906 0.06 150,993 144,103 0.05

5.29 387,623 384,199 0.01 4374 4024 0.08 159,257 151,442 0.05

5.30 396,575 392,250 0.01 4555 4142 0.09 167,469 158,781 0.05

MAPE 0.60 3.90 2.40
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and MASE are also small, and the maximum values of the
three indicators are 2.05, 11.75, and 0.30, respectively, indi-
cating that the models fit well.

(4) Prediction

Test the accuracy of the model by comparing the dif-
ference between the predicted value and the actual value
from May 21 to May 30, 2020. As seen in Table 3, the

MAPE of the confirmed model is 0.60, indicating that the
model has high prediction accuracy and is robust. The
MAPEs of the death model and the recovery model were
3.90 and 2.40, respectively, indicating that models are
relatively robust. Use established ARIMA models to pre-
dict the cumulative confirmed, death, and recovered data
for the next 30 days in Russia. As seen in Fig. 3, On
June 19, the cumulative number of confirmed, death,
and recovered cases will reach 547,143, 6487, 305,558.

Fig. 3 The cumulative confirmed
(a), death (b), and recovered (c)
COVID-19 cases predicted by the
ARIMA model in the next
30 days in Russia
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Discussion

COVID-19 in Russia was divided into two stages. From
January 31 to March 1, there was no impact on the epidemic.
From March 2 to the March 20, the disease broke out, spread,
and grew exponentially. There were three main reasons for the
Russian epidemic: (1) Russia did not strictly control the entry
of people in Europe immediately after the outbreak in Europe.
According to relevant reports, more than 100,000 people en-
tered Russia fromEurope, and they were distributed in various
places in Russia. (2) After the domestic epidemic had been
controlled, Russia had also relaxed its prevention and control.
(3) Compared with international standards, Russian self-
developed kits had two grades lower, so many patients with
asymptomatic and mild symptoms were not diagnosed and
separated in time. Analyzing these reasons had a good warn-
ing meaning to the countries that had controlled the epidemic
and prevent the spread of the second wave of the epidemic.

The epidemic in Russia peaked in May, with more than
10,000 new cases confirmed daily for 10 consecutive days.
Since May 11, there had been a downward trend. Judging
from the recovery curve, the daily confirmed cases and
recovered cases coincided on May 19, which showed that
the epidemic situation in Russia tended to be stable.
Russia’s case-fatality rate had been at a very low level of
0.96%, which might be because the cases were mostly
mild, which also indirectly shown that its intervention
measures are effective. Although the number of confirmed
cases ranked among the top 5 in the world on May 20,
Russia’s health system capacity could effectively respond
to the COVID-19 pandemic.

Time series data can help to predict epidemic trends and
improve prevention systems. The time series forecasting
models include the exponential smoothingmodel and artificial
neural network. Although these models can be used to predict
the incidence of infectious diseases, they have some limita-
tions. For exponential smoothing model, it is difficult to de-
termine the smoothing coefficient because the weight de-
creases with the extension of the forecast period. For artificial
neural networks, it may not well explain the nonlinear rela-
tionship in time series data. The ARIMA model is the most
popular and classic time series forecasting model because of
its simplicity, system structure, and acceptable prediction per-
formance [15]. It obtains a smooth sequence through differ-
ence and then selects the best model for prediction. It can not
only solve the problem of data autocorrelation but also ana-
lyze data with periodic effects. Therefore, it can better simu-
late the past epidemic situation and obtain better prediction
effect.

In my study, ARIMAmodels were developed to predict the
cumulative confirmed, dead, and recovered cases of COVID-
19 in Russia, respectively. Taking the data from 5.21 to 5.30
as a test set to evaluate the extrapolation effect of the models

with MAPE as the evaluation standard. The cumulative con-
firmed model was very robust, with the MAPE of 0.60. From
the MAPEs of 3.9 and 2.4, the cumulative death and recovery
models were relatively stable. There have been many articles
using the ARIMA model to predict the trend of COVID-19 in
different countries [9, 16]. In Iran, Moftakhar et al. [17] used
the ARIMA model and artificial neural network to predict the
daily new COVID-19 infections, which showed that the
ARIMA model was more accurate. Ceylan [16] estimated
the prevalence of COVID-19 in Italy, Spain, and France, with
MAPE ( I t a l y ) = 4 . 752 , MAPE ( S p a i n ) = 5 . 849 , and
MAPE(France) = 5.634. Therefore, the ARIMA (2,2,1),
ARIMA (3,2,0), and ARIMA (0,2,1) models were considered
to be reasonable for forecasting with high accuracy.

According to the predicted data from 5.21 to 6.19, although
the cumulative number of confirmed cases is still on the rise,
the number of daily new confirmed cases on May 30 fell to
8000, and then basically stabilized at about 7000, lower than
the daily new recovery cases. Therefore, the Russian epidemic
will be further controlled. Constructing the predictive model
based on time series data is an important method for the pre-
vention and control of infectious diseases. The ARIMAmodel
has a mature theoretical basis and clear criteria, which can
effectively predict the epidemic trend of infectious diseases.
This will help to effectively allocate medical resources and
will have guiding significance for scientific prevention and
control of COVID-19.

Conclusions

Russia’s interventions on COVID-19 have achieved re-
markable effects. Russia’s health system capacity can ef-
fectively respond to the COVID-19 pandemic. Established
ARIMA models had a good fitting effect and can be used
for short-term prediction of the COVID-19 trend, provid-
ing a theoretical basis for Russia to formulate new inter-
vention policies.
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