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Abstract. Forecasting is essential to make reliable and accurate estimates of what will
happen in the future in the face of uncertainty. The primary objective of forecasting is the
monitoring of the continuing progress of action plans based on forecasts. COVIDI9 is
an emerging viral infection and currently it is a major threat throughout the world. As on
7th May 2020, more than 3.5 million cases of COVID-19 and 2,50,000 deaths have been
reported to WHO (World Health Organization). In this stringent situation, it is very
important to forecast the cases, and it will be very much useful for healthcare department.
Following this notion, we have been developing a stochastic model and then employed it
for forecasting future COVID19 cases in two major countries Australia and Italy. This
study explores the possibility of applying Stochastic Model to forecast the total number
of new confirmed cases of COVID19, and to obtain their long run probabilities or steady
state probabilities. In this article, the basic terminologies of stochastic processes and
Markov Chain have been discussed. The real data were considered from WHO and
analyzed the trend pertaining to the confirmed cases of the Novel Corona Virus
COVID19. The Simulation study was made to justify the forecast analysis done by the
stochastic model.
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1 Introduction

The current outbreak of coronavirus disease 2019 (COVID-19) has become a global crisis
due to its quick and widespread over the world. Predicting the future epidemics and
pandemics is much more difficult as the number of cases to be studied can be measured in one
hand. In this paper, a novel stochastic model is proposed which aims to forecast the total
number of new cases of COVID19.

Markov Chain was introduced by Andrei Andreevic Markov (1856 — 1922). Markov
chains play a vital role in the fast emerging field stochastic processes. It also functions as an
important mathematical tool in this field. Markov chains possess the most important property
known as Markovian Property, which property enables simplifying predictions about
scholastic by viewing the future as independent of the past, given the present state of the
process. This property is referred to as “Memory less Property or Markovian Property”. The
Markov Chain prediction method is purely a probability forecasting method. The main
principle of using Markov chain to predict is to build Markov forecasting model that predicts
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the state of an object in a certain period of time in the future by virtue of the probability vector
of the initial state and state transition probability matrix.

2. Literature Review

Various authors have been doing forecasting analysis of the contagious virus COVID 19
through variant models. Data based Modelling and Forecasting of the novel Coronavirus
analyzed by ([1]). ([3]) predicted the impact of corona virus using probability matrices and
based on the secondary data as on 13th March 2020 and also studied Monte Carlo simulation.
([4]) studied the updated estimation of the risk of transmission of the novel coronavirus.
Estimation of the transmission risk of the 2019-nCoV and its implication for public health
interventions discussed by ([5]).  ([7]) discussed Countries test tactics in ‘war’ against
COVID-19. ([8]) discussed and surveyed from SARS-CoV to Coronavirus Disease 2019
(COVID-19).

Forecasting the novel coronavirus COVID-19 studied by ([9]). ([10]) studied forecasting
of Ebola through a statistical model regression transmission model. ([11]) analyzed
predictions of the epidemic development trends in South Korea, Italy, and Iran, pointing out
the possible outbreaks and the corresponding control time, and tracing the earliest
transmission dates of countries. ([12]) analyzed forecasting of COVID 19. ([1e)
developed a discrete-time stochastic epidemic model with binomial distributions to study the
transmission of the disease. Model parameters are estimated on the basis of fitting to newly
reported data from January 11 to February 13, 2020 in China.

From the variant methods of simulation analysis, it is suggested that the choice of
simulation is based on decision makers’ requirements, type of problem and system complexity
and its characteristics. A Simulation Study on Hypothetical Ebola Virus Transmission in
India Using Spatiotemporal Epidemiological Modeler (STEM) discussed by ([2]). ([6])
analyzed How simulation modelling can help reduce the impact of COVID-19. Using LIWC
to choose simulation approaches: A feasibility study had been done by ([13]).

([14]) analysed a Simulation Optimization Approach to Epidemic Forecasting. Real-time
forecasting of infectious disease dynamics with a stochastic semi-mechanistic model discussed
by ([15]). Spread of Infectious Disease Modelling and Analysis of Different Factors on
Spread of Infectious Disease Based on Cellular Automata studied by ([17]). ([18]) compared
discrete-event simulation and system dynamics: Users’ perceptions. A Simulation-Based
Study on the Comparison of Statistical and Time Series Forecasting Methods for Early
Detection of Infectious Disease Outbreaks was done by ([19]).

A review of literature clearly reveals that only a very, very few authors have studied
Markov models to forecast the limiting probabilities of COVID 19 in medical science with
simulation. This stimulated the author to study the expertise of discrete state discrete time
stochastic processes with Markovian property in forecasting the pandemic.

3. Materials and Methods
In this section, basic terminologies of stochastic models, Methods of Construction of

forecasting model, results, sources of real data and forecasting analysis through mathematical
model as well as simulation study have been discussed.



3.1 Basic Terminologies

Probabilistic models prove to be much more realistic than deterministic models when it
comes to studying the real world phenomena in which systems revolve randomly. Such
systems are usually studied as a function of time, using mathematical models, known as
stochastic models. In the following section, the basic terminologies and pre-requisites
pertaining to this research article are discussed.

3.2 Markov Processes

Markov Processes are widely used in engineering, science, and financial models.
Whenever the future state of a system depends on the present state only, not on the past state is
called Markovian /Memory less property. A Stochastic Process with Markovian property is
called Markov Process. The stochastic model considered for the proposed study is Discrete
Time Markov chain.

3.3 Discrete Time Markov chain

Markov chains are used for modelling phenomena in a broad variety of academic fields
such as life sciences, arts, medicine, engineering and social sciences. These chains are
particularly useful to model degrees of randomness while predicting the value of an asset in
the field of Financial Markets.

A Stochastic Process with a finite or countably infinite state
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Theorem 3.1 Let {Xn:n=20, 1,...} be an irreducible, positive recurrent, aperiodic

Markov chain with state space {0, 1, ... } and transition probability matrix P = (pij ). Then,
50 limpg . N ' anIimpg;jZO
for each , A—® exists and is independent of i. Let n—>0 and
To
T
T,
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. We have (a) Furthermore, these equations

determine the stationary probabilities or steady-state probabilities,

T, 1>
uniquely. (b) Jis the long-run proportion of the number of transitions to state j , J= 0

(c) The expected number of transitions between two consecutive visits to state j is J ,
i=0

n. = lim p;j>0

Remark: The property that the limiting probability J nowtl exists and is
independent of the initial state i is called ergodicity. Any Markov chain with this property is
called ergodic.

4. Sources of data

The data plays an important role in forecasting or predictive analysis. Forecasting
methods are classified into either quantitative or qualitative. Data that is expressed in numbers
and summarized using statistics to give meaningful information is referred to as quantitative
data, whereas the data for description without measurement is known as qualitative data.

The primary data for this study have been collected from the World Health Organization
(WHO), Coronavirus disease (COVID-19) outbreak ([20]). As these data are original and
relevant to the topic of the study, the degree of accuracy is very high. Moreover, primary data
is current and this can provide a realistic view of the study of the topic under consideration.
The reliability of these primary data is very high since these are collected by the concerned
and reliable source. In this article, we have been considered data for two countries, Australia
and Italy to forecast the trend. This may be extended to several countries to forecast and
analyze the behavior of COVID 19 pandemic.

4.1 Forecasting Analysis using Markov chain for the country Australia
In this section, the real data were considered from WHO (World Health Organization) for

two major countries Australia and Italy for the forecasting analysis. This analysis can be
applied to all other areas infected with any infectious virus.



4.1.1 Construction of Markov chain forecasting model
The below mentioned process has been followed to model the study:

» Construction of state space

» Determination of the state probability

» Construction of transition probability matrix

» Calculation of state probabilities

» Analysis, decision making in a stable condition

The data for total new confirmed cases affected by COVID 19 for the country Australia
are considered from the period 12" April 2020 to 30™ April 2020 (19 days), which are
tabulated in table 1. The given data are converted into exclusive class intervals and the total
number of new confirmed cases (frequency) of each class interval have been identified and
shown in table 2.

{Xn;n =0,1,2,3,4,...... }

be a Markov chain that represents the total number of

reXO =X 2¢h Apr2020 —>1

>

new confirmed cases at time n. He

X1 =X3th Apr2020 =33

; and so on.

We can define the following states pertaining to the number of new confirmed cases:
1, if the confirmed casesless than 20

B 2, if theconfirmed casesliein[21,40]
N 13 if the confirmed cases liein[41,60]

4, if the confirmed cases more than 60

1,2,3,

Thus the state space of the Markov chain can be given as{ } . The total number
of new confirmed cases for changing from one state to any of the other states is tabulated in
table 3.

The probabilities for changing to any of the other states i.e., the probability of transition
from one state to any one of the other states is given by the transition probability matrix
(TPM) P.

0.7778 0.1111 0 0.1111
0.6667 0 0.3333 0

0.2 0.4 0.4 0

s L0 0 1 0



According to table 1, number of new confirmed cases on 30" April 2020 fall in the
interval [0, 20]. Therefore, let us assume the initial state vector of the Markov chain be a row

0 0 0)

matrix( . Thus we can obtain the state probability vector on 1% May 2020 as

0.7778 0.1111 0 0.1111
0.6667 0 0.3333 0
0.2 0.4 0.4 0
0 0 1 0

PP=(1 0 0 0) =(0.7778 0.1111

(1)

As the maximum transition probability of equation (1) is 0.7778 and it is connected with
the ‘state 17, the total number of new confirmed cases on 1% May 2020 falls in the interval [0,
20]. According to the WHO (World Health Organization) situation report, the total number of
new confirmed cases on 1% May 2020 is 16, which coincides with our prediction.

Now we can obtain the state probability vector on 2™ May 2020 as

0.7778 0.1111 0 0.1111
0.6667 0 0.3333 0
0.4 0.4 0
0 0 1 0

=(0.6790 0.0864 0.1481 0.0864)
@)

P® =(0.7778 0.1111 0 0.1111)

As the maximum transition probability the equation (2) is 0.6790 and it is connected with
the ‘state 1°, the total number of new confirmed cases on 2°¢ May 2020 falls in the interval [0,
20]. According to the WHO (World Health Organization) situation report, the total number of
new confirmed cases on 2" May 2020 is 5, which coincides with our prediction.

Similarly,

0 0.1111)

0.7778 0.1111 0 0.1111

0.6667 0 0.3333
0.2 0.4 0.4
0 0 1

P =(0.6790 0.0864 0.1481 0.0864)

=(0.6154 0.1347 0.1745 0.0754)
3)

As the maximum transition probability of equation (3) is 0.6154 and it is connected with
the ‘state 1°, the total number of new confirmed cases on 3" May 2020 falls in the interval [0,
20]. According to the WHO (World Health Organization) situation report, the total number of
new confirmed cases on 3" May 2020 is 16, which coincides with our prediction.

0
0
0



This process can be continued to forecast the total number of new confirmed cases for the
future dates. The forecasted state probability vector for 4" May 2020 is

4 _
P _(0'6034 0.13820.1901 0'0684). According to the WHO (World Health

Organization) situation report, the total number of new confirmed cases on 4" May 2020 is
18, which coincides with our prediction.

4.1.2 Stability Analysis and forecasting using Markov chain

Clearly the Markov chain { is an irreducible, aperiodic and
recurrent. Since it is a finite state Markov chain, it also happens to be a positive recurrent. Let

T, T, T3, and T4 be the proportion of the periods or limiting probabilities or steady

state probabilities of the total number of new confirmed cases to be fallen in the interval
[0,20], [21,40], [41,60] and more than 60 respectively.

m) (07778 01111 0  0.1111) (=,

m,| [0.6667 0 03333 0 m,
| | 02 0.4 0.4 0 4
Ty 0 0 1 0 Ty

By the theorem 3.1,
TC1+TC2 +TC3 +TC4 :1

and

)
m) (0.7778 0.6667 02 0)(m,
M| [01111 0 04 Ofm
T | 0 03333 04 1| m,
n,) (01111 0 0 o)\m,

0.77787n, +0.6667, +0.2m; = m,
0.1111m; +0.407; = m,

0.3333n, +0.407; + my =14
0.1111m, = m,

Which implies that T+ + T3+ =1



The above system of equations can be solved numerically upon which we arrive at the

7, = 0.6000; 7T, = 0.1428; 13 = 0.1905 and 7, = 0.0667

following values:

)

Hence we can conclude that as n — oo, the probabilities will converge to a steady state
probability. Since the maximum of the steady state probabilities is 0.6, implying that 60.00%
of the period (number of days) is likely to the total number of new confirmed cases will fall in
the interval [0,20]. Thus the forecast says that the total number of new confirmed cases in
future will be a value in the interval [0,20].

4.2 Forecasting and Stability Analysis using Markov chain for the country Italy

The data for total new confirmed cases affected by COVID 19 for the country Italy are
considered from the period 10th April 2020 to 3¢ May 2020 (24 days) which are tabulated in
table 4. The given data are converted into class intervals and the total number of new
confirmed cases (frequency) of each class interval have been identified and shown in table 5.

For these intervals we can define the following states pertaining to the number of new
confirmed cases:

1, if the confirmed cases less than 2000

2, if the confirmed cases liein[2001,2500]
3, if the confirmed cases liein[2501,3000]

I 14, if the confirmed casesliein[3001,3500]
5, if the confirmed casesliein[3501,4000]

6, if the confirmed cases more than 4001

1,2,3,4,5,6

Thus the state space of the Markov chain can be given as{ } . The total
number of new confirmed cases for changing from one state to any of the other states is
tabulated in table 6.

The probabilities for changing to any of the other states i.e., the probability of transition

from one state to any one of the other states is given by the transition probability matrix
(TPM) P.

0.6667 03333 0 0 0
0.4 0.4 02 0 0
0 025 05 0.25
0.2 04 04 O
0 0 05 0 05
0 0 033 033 0.33

0
0
0
0

S O O O



According to table 4, On 3™ May 2020, number of new confirmed cases fall in the
interval [0, 2000]. Therefore, let us assume the initial state vector of the Markov chain be a

1 000 0O
row matrix( ) The state probability vectors as well as long run
probabilities have been obtained and tabulated in the table 7.

Hence we can conclude that as n — oo, the probabilities will converge to a steady state
probability. Since the maximum of the steady state probabilities is 0.269, implying that
26.90% of the period (number of days) is likely to the total number of new confirmed cases
will fall in the interval [0,2000]. Thus the forecast says that the total number of new
confirmed cases in future will be a value in the interval [0, 2000]. Thus the number of new
confirmed cases predicted by the theorem is consistent with the actual situation. Moreover,
the above said theorem can be applied subject to the condition that the identifying Markov
chain should be Ergodic. The class intervals can be changed accordingly to achieve this
Ergodic Markov chain.

5. Simulation Analysis

In this article, the simulation analysis model has been done to study the forecast the
number of new confirmed cases of COVID19. The Monte Carlo simulation concept was
applied and implemented for measuring and analyzing the forecast of the number of new
confirmed cases of COVID19 pandemic.

Simulation analysis of confirmed cases for the country Italy has been done in the three
sets of random numbers. The results have been tabulated in table 8 and figure 2. The average
the simulated probability for random number set I am 0.5, and 0.4663 and 0.5009 are the
simulated probabilities for the random number sets I and III respectively. It depicts that 50 %
of the period (number of days) is likely to the total number of new confirmed cases will fall in
the interval [0, 2000]. Thus the forecast says that the total number of new confirmed cases in
future will be a value in the interval [0, 2000] which coincides with the forecast analysis done
by the stochastic model.

6. Conclusion

The preceding paragraphs discussed the, applications of Discrete Time Markov Chain in
the emerging field forecasting, and achieved relatively good results pertaining to COVID 19
pandemic. Their long run or steady state probabilities have also been obtained. To forecast the
total number of new confirmed cases of the Novel Corona Virus COVID 19, the real data from
WHO (World Health Organization) have been considered and analyzed. Simulation analysis
was made to justify the forecast analysis done by the stochastic model. However, the Markov
chain prediction method is a probability forecasting method, the predicted results are simply
expressed the probability of a certain state of the total number of new confirmed cases in the
future, rather than being in an absolute state.
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Table 1 Dates (Vs) Total number of confirmed new cases for Australia

Country | Dates : From 12/04/2020 to 30/04/2020 (19 days)

Australia |5 | 34 0 ys | 16 |17 |18 19 [ 20| 21 [ 22 |23 | 24 | 25| 26 [ 27| 28 | 29 | 30
Total

fl‘;‘v‘vﬁ::s‘:f 513344 (50|42 10|65|53|26]13|22]7 |13][20[16|10|12|13]8

Table 2 Class Intervals (Vs) Number of confirmed new cases (Frequency) for

Australia
Country Australia Less than or equal to | 21- 41-60 Greater than or equal to
20 40 60
Frequency 10 3 5 1
State S1 S2 S3 S4

Table 3 Transition from one state to another state (Vs) Frequency for Australia

State | S1 S2 S3 S4
S1 7 1 0 1
S2 2 0 1 0
S3 1 2 2 0
S4 0 0 1 0

Table 4 Dates (Vs) Total number of confirmed new cases for Italy

Dates : From 10/04/2020 to 03/05/2020 (24 days)

Country
Ttaly

11 12

13 14 15 16

17 18 19 20

21 22

23

24 | 25 | 26

27

30

Confirmed

new cases

4204

3951 | 4694

4002 | 3153 | 2072 | 2867

3786 3491 | 3047

3493

2256 | 2729

337

0| 2646 | 3021 | 2357

2324 | 1739 | 2091

2086

1872 | 1965

1900

Table 5 Class Intervals (Vs) Number of confir

med new cases (Frequency) for Italy

Country 2001- 2501- 3001- 3501-

Ttaly <2000 2500 3000 3500 4000 >4001
Frequency 4 5 4 6 2 3
State S 2 S3 s4 S5 S6

Table 6 Transition from one state to another state (Vs) Frequency for Italy

State | S1 S2 S3 S4 SS S6
S1 2 1 0 0 0 0
S2 2 2 1 0 0 0
S3 0 0 1 2 1 0
S4 0 1 2 2 0 0
SS 0 0 0 1 0 1
Sé 0 0 0 1 1 1




Figure 1: Probability of Prediction
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Figure 2: Date(s) Vs Simulated Probability of Prediction

Table 7 Forecasting analysis for the country Italy

Max Interval WHO
Date State vector After one trﬂusnfu_m‘, s_tate transition probabilit correspondi p]‘E'd.ltted for Situation | Forecasting
probability vector ng state new confirmed
¥ report
cases
04/05/2020 | (1.0, 0, 0,0, 0)— Initial vector (0.667,0.333,0,0,0,0) 0.667 state 17 [0.2000] 13g9 | Coincideswith
prediction
05/05/2020 | (0.6667, 0.3333,0,0.0,0) (0.578. 0.356,0.067,0,0,0) 0.578 state °1° [0.2000] 1221 | Coincides with
prediction
06/05/2020 | (0.578, 0.356, 0.067,0,0,0) (0.527. 0335, 0.088,0.033, 0.017, 0) 0527 state °1° [0.2000] 1075 g;‘é‘ﬁ;;i‘“m
07/05/2020 | (0.527, 0335, 0.088,0.033,0.017,0) | (0-486.0.316,0.102,0.066,0.022, 0.486 state 1’ [0.2000] 1444 | Coincideswith
0.009) prediction
- {0,486, 0316, 0.102, 0.066, 0.022, {0450, 0302, 0.115,0.091, 0.028, - . Coincides with
08/05/2020 | "oog) 0.014) 0.450 state ‘1 [0,2000] 1401 | - fetion
< o | (0450, 0302, 0.115,0.091. 0.028. (0421, 0289, 0.126,0.113, 0.033, R . R N Coincides with
09/05/2020 | ("5 ) 0.019) 0.421 state ‘1 [0,2000] 1327 | 2 etion
- (0421, 0289, 0.126,0.113, 0.033, {0.396, 0279, 0.135,0.131, 0.038, . Coincides with
10/05/2020| oy 0.023) 0.396 state ‘1 [0,2000] 1083 | - iction
, (0.396.0279,0.135,0.131, 0.038, (0.376, 0270, 0.142,0.147, 0.041, . Coincides with
11/05/2020 | 5 3y 0.027) 0.376 state °1 [0,2000] 802 | Hiction
e mman | (0376, 0270, 0.142, 0.147. 0.041, (0.359, 0263, 0.148,0.155, 0.045, - . N 743 | Coincides with
12/05/2020 0.027) 0.0309 0.339 state ‘1 [0.2000] prediction
- (0359, 0263, 0.148,0.159, 0.045, (0.345, 0257, 0.153,0.170, 0.047, , . 1402 | Coincides with
13/05/2020 | o 3y 0.032) 0.345 state °1 [0,2000] prediction
When (0.26'9= 0.224,0.179,0.224, 0.060, 0269 state “1° [0.2000] x Comlculies with
n—om 0.045 prediction
Table 8 Simulation analysis of confirmed cases of the country Italy
Date Maximum pm(l::ll :Ilht‘- Cumulative Tag no ][TZ::::ET Simulated ]:Z:':JET Simulated 1:;:1':_1 Simulated
probability probability) probability set T probability set T probability set TIT probability
04/05/2020 0.667 0.145 0.145 013 65 0421 24 0578 10 0.667
05/05/2020 0578 0.126 027 1426 24 0578 20 0578 19 0578
06/05/2020 0527 0.114 0.385 27-37 63 0421 63 0421 56 0.345
07/05/2020 0486 0.106 049 38—48 60 0421 57 0.45 75 0376
08/05/2020 0.450 0.098 0.588 49— 58 27 0527 45 0.486 12 0.667
05/05/2020 0421 0.091 0679 50— 67 58 0.45 79 0376 95 0345
10/05/2020 0396 0.086 0.765 68— 76 0 0.667 60 0421 28 0527
11/05/2020 0376 0.082 0.847 77— 84 17 0578 57 0.45 45 0.45
12/05/2020 0359 0.078 0925 85— 92 15 0578 33 0376 27 0527
13/05/2020 0345 0.075 1 93 -99 39 0359 34 0527 31 0527
Tot 4.603 5.000 4.663 5.009
Ave 0.5000 0.4663 0.5009
o
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