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a b s t r a c t 

COVID-19 or SARS-Cov-2, affecting 6 million people and more than 30 0,0 0 0 deaths, the global pandemic 

has engulfed more than 90% countries of the world. The virus started from a single organism and is 

escalating at a rate of 3% to 5% daily and seems to be a never ending process. Understanding the ba- 

sic dynamics and presenting new predictions models for evaluating the potential effect of the virus is 

highly crucial. In present work, an evolutionary data analytics method called as Genetic programming 

(GP) is used to mathematically model the potential effect of coronavirus in 15 most affected countries 

of the world. Two datasets namely confirmed cases (CC) and death cases (DC) were taken into consid- 

eration to estimate, how transmission varied in these countries between January 2020 and May 2020. 

Further, a percentage rise in the number of daily cases is also shown till 8 June 2020 and it is expected 

that Brazil will have the maximum rise in CC and USA have the most DC. Also, prediction of number of 

new CC and DC cases for every one million people in each of these countries is presented. The proposed 

model predicted that the transmission of COVID-19 in China is declining since late March 2020; in Singa- 

pore, France, Italy, Germany and Spain the curve has stagnated; in case of Canada, South Africa, Iran and 

Turkey the number of cases are rising slowly; whereas for USA, UK, Brazil, Russia and Mexico the rate 

of increase is very high and control measures need to be taken to stop the chains of transmission. Apart 

from that, the proposed prediction models are simple mathematical equations and future predictions can 

be drawn from these general equations. From the experimental results and statistical validation, it can be 

said that the proposed models use simple linkage functions and provide highly reliable results for time 

series prediction of COVID-19 in these countries. 

© 2020 Elsevier Ltd. All rights reserved. 
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. Introduction 

It is horrifying time, with almost 6 million people affected and

round 30 0,0 0 0 deaths, the Severe Acute Respiratory Syndrome

oronavirus 2 (SARS-CoV-2) or simply the COVID-19 (coronavirus

isease 2019), has emerged as a global pandemic and is escalat-

ng at a rapid pace. The virus supposed to be migrated from bats,

tarted transmission in Wuhan, the capital of Hubei, China. As re-

orted by the Chinese authorities, as of 8 December 2019, the virus

igrated from bats to human being, from their diet and first death

as reported by 9 January 2020 [1] . On the same day, it was de-

lared by the world health organization (WHO) that a novel coron-

virus has been identified and movements around the world were
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ut under scanner [2] . The virus which started from a single or-

anism, started transmission as a cluster level agent and with in

 span of few days, started growing as a multi-lateral agent with

ommunity level transmission. Initially, the Chinese administration

ried to contain the virus by imposing restrictions such as clo-

ure of airports, highways, state ways, local transport, railways and

ther services. They also imposed ban on public gathering, closed

hops, mass events, games and all other activities where there

ere chances of any social contact or people to people interactions

3] . The Chinese authorities started collecting useful information

nd travel histories of all the people travelling from and to the var-

ous provinces across the country. They checked the infectious dis-

ase vulnerability index (IDVI) according to the user data records

nternational Air Transport Association (IATA) to analyse and con-

rol the virus transmission outside China [4] . Here, it should be

oted that IDVI has a range of [0, 1] and risk of vulnerability and

ransmission of disease increases if the value of IDVI is higher [4] . 

https://doi.org/10.1016/j.chaos.2020.110118
http://www.ScienceDirect.com
http://www.elsevier.com/locate/chaos
http://crossmark.crossref.org/dialog/?doi=10.1016/j.chaos.2020.110118&domain=pdf
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The Chinese authorities though tried to contain the virus and

keep it under check but the major concern for the world came

when a new case from Thailand was reported on 13 January

2020 [5] . This was the first case outside China and even with

such strict actions by the Chinese authorities, cases were reported

from Bangkok, Hong Kong, Taipei and Japan, all having an IDVI

level greater than 0.65 [6] . Even with such rigorous efforts by

all of these respective countries, the coronavirus could not be

contained and numerous cases across the globe were reported

by 19 January 2020 [5] . By 31 January, WHO declared an emer-

gency situation and declared it as a new global pandemic on 11

March 2020 [3] . With a daily increase of around 26% to 30% in

the confirmed cases, the European Union is most affected area

of the world whereas the most affected country is United States

of America (USA) [7] . As of 30 May 2020, the total number of

CC/DC in the 15 worst affected countries in the American regions

are USA having 1675258/98889 cases, Canada with 87902/6799

cases, Brazil amounts for 411821/25598 cases and Mexico with

78023/8597 cases. The European Union being the most affected

area having 269131/37837 cases in the United Kingdom (UK), Rus-

sia with 269131/37837 cases Spain with 238278/29037 cases, Italy

having 231/732 cases, Germany with a total of 180458/8450 cases,

Turkey 160979/4461 cases and France having 146122/28608 cases.

The region of the Middle-East is also affected with Iran being the

worst affected area having 143849/7627 cases. In the African re-

gion, South Africa is the most affected country with 27403/577

cases. The Asian region having the two most populous countries

of the world is not far behind with India being the most af-

fected at 165799/4706 and second comes China having a total of

84547/4645 cases and the third most affected country is Singa-

pore with 33249/23 cases. In present study, all the above discussed

countries have been taken into consideration except India. As study

related to India has already been reported in literature [8] . Here

it should be noted that, at least one country has been taken from

each continent, even if the number of cases is not big in that coun-

try such as South Africa has the lowest number of cases in the

study and is the only country from continent Africa. 

The potential effect of COVID-19 has prompted numerous stud-

ies and the whole research community has dived in to analyse the

various characteristics of the virus and are burning the mid night

oil to find a possible cure and derive new vaccine for the global

greater good [9] . Some initial studies explained that the virus has a

devastating effect on elderly people and others who already suffer

from some respiratory disorders, heart related problems and other

ailments [10,11] . Therefore, it is still a major concern for the re-

spective authorities to keep the virus under check and devise new

efficient means so that minimum harm can be done. Thus, it be-

comes really very important to analyse the possible impact and the

number of infections in the coming days to estimate the spread of

the disease. To investigate such possibilities, various studies have

been put forth and numerous individual based mobility models

have been formulated and designed. Some of the recent studies on

the possible impact of coronavirus include logarithmic distribution

[12] , stochastic simulations [13] , exponential growth patterns [14] ,

evolutionary approaches [8,15] , stochastic mathematical modelling

[16] , Weibull distribution based model [17] and others [18] . From

these studies, it was analysed that the virus has an average incu-

bation period of 5.1 days and the total quarantine to access the

possible impact is 21 days [13] . Some predicted that the virus is

growing at an exponential rate and other showed that this curve is

more of a logarithmic form which later stagnates as a flat surface.

Though these studies provided some of the initial background but

none of these have any proficiency to define the exact pattern of

the virus and how it will behave in the times to come. Also most

of these studies focused mainly on China and not much work has

been done to analyse the effect on the third world countries. 
In present work, genetic programming (GP) [19] or more pre-

isely gene expression programming (GEP) based model has been

roposed to analyse and predict the possible impact of the novel

oronavirus on fifteen most affected countries of the world. GP

as been derived from genetic algorithm (GA) [20] and is a up-

er end version of the same. The only difference being the use of

olution patterns. In GA, binary string based solution are obtained

hereas in case of GP, computer generated programs are the end

olutions [21] . Here, a more enhanced version of GP namely GEP

as been used. The GEP programming models are highly efficient

nd have been used by numerous researchers to make prediction

odels, such as linear regression based models, time series models

nd others [22–24] . In present scenario, two different GEP based

odels for confirmed cases (CC) and death count (DC) have been

esigned for time series analysis and prediction of total number of

ffected people across fifteen major economies of the world. Note

hat the time series data for all of these cases has been taken from

aily situation report by WHO [6] , which has been pre-processed

y the Mendeley dataset as reported in [25] . Apart from that,

EP based model has been used because of its capability to de-

ign simple yet efficient mathematical prediction equations which

an be used and analysed at a later stage. Also, GEP based mod-

ls have more efficient performance in comparison to other classi-

al approaches and better than artificial neural networks. They are

ven better in comparison to deep learning based models under

he minimal constraint that the data for modelling is limited. But

here the data multiplies many fold, deep learning models have

etter performance. Further, it should be noted that GEP based

odels can be calibrated efficiently as they require lesser number

f initial parameters and not much prior information is required to

evelop predictions, time series models or mathematical equations

26,27] . 

The rest of the paper is outlined as, Section 2 provide details

bout the technical preliminaries about GP and model calibration

ith respect to GEP. In Section 3 , the detailed results and discus-

ion with respect to CC and DC for 15 countries in presented. Here

t should be noted that the results are formulated on three cri-

eria namely expression trees (ETs) based analysis, importance of

rediction variables and statistical results. By statistical results, we

ean that root mean squared error ( RMSE ) and correlation coeffi-

ient ( R 2 ) is used to evaluate the performance of the proposed GEP

odels. In Section 4 , detailed discussion about the proposed pre-

iction models along with some future prospects of the proposed

odels has been presented. Finally in Section 5 , presents the con-

lusion and future recommendations. 

. Technical preliminaries and model calibration 

GP is a very effective evolutionary algorithm and has proved

ts significance when compared with the traditional GA. The algo-

ithm because of its discrete nature and applicability to continu-

us optimization problems, has gained much interest from the re-

earch community. This is the main reason why it different from

he traditional GA and hence can be applied to wider research do-

ains rather than GA whose solutions are only binary strings. The

P algorithm also produces new mathematical equations and has

he direct advantage of application to higher dimensional problems

hich otherwise is not possible for evaluation using a standard

A. GEP on a whole is an enhanced version of GP and has been

ound to eradicate the drawbacks of both traditional GA and ba-

ic GP algorithm. The GEP algorithm based modelling is also very

ffective and has been analysed for structural engineering design

roblems [26] . They also allows reliable prediction analysis under

inimal constraints and even provide accurate results. Before de-

igning new GEP models for present scenario, it becomes really
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Fig. 1. Representation of an ET. 
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i  
mportant to investigate already proposed models and predict that

hose proposed models provide any significance or not. 

In literature, there are numerous models which have been pro-

osed to analyse the effect of coronavirus and provide reliable

redictions. These models include neural network based mod-

ls [28] for prediction analysis, Australian Census-based Epidemic

odel (AceMod) [29] for influenza virus prediction, and others.

he neural network based model used fuzzy logic along with long

hallow term memory (LSTM) modelling [28] to predict the pos-

ible impact of COVID-19. Though various works have been done

nd numerous models have been designed but most of these mod-

ls are either for modelling some other diseases and have little

elevance to coronavirus. Even if some of the models do provide

ome prediction analysis, the statistical results are not that sig-

ificant and hence making the models less reliable. Also, most of

hese models focused on country specific cases and little work has

een done on a global scale. The present study, is the first of its

ind with 15 major countries under consideration and at least one

ountry from each continent. Thus overall analysing the effect of

OVID-19 in every continent of the earth. Here it should be noted

hat GEP based models aim to provide more reliable results in

omparison to most of models discussed in literature. Further, a

odel is said to be highly reliable if, the value of RMSE is higher

nd R 2 is close to 1. The models discussed above, are less reliable

ecause of lower RMSE and R 2 values and also they require more

et of data points to predict the output [26] . Apart from that, these

odels are very classical approaches and are found to be highly

omplex and challenging in comparison to the simple yet efficient

EP based modelling. 

In present work, two major time series including CC and DC

ave been taken into consideration for 15 worst affected areas of

he world. The time series data has been collected on a daily basis

ince 30 January 2020 and dataset regarding the same has been

ublished in the Mendeley repository [25] . A detailed discussion

n the GEP algorithms is presented in subsequent subsections. 

.1. Gene expression programming 

GP is an extension of GA and is based on Darwinian theory of

atural selection or simply the survival of the fittest. Here math-

matical equations are formulated based on computer based pro-

rams and are created in such a way that a relationship between

nput and output variables can be found [26] . These equations

hough are simpler and can be formulated in the form of a tree

ased structure commonly called as ETs. These ETs are declared in

he form of a functional programming language known as Karva

anguage [19] . In GEP, these ETs are also known as para trees and

ses fixed length character string instead of classical tree repre-

entation of GP. In this kind of setup, GEP consists of a hierarchy

ased structure consisting of terminals and functions [21] . The latst

ersion of GEP was formulated by Ferreira et al. [22] . It consists

f five major parts, including a function set, control parameters,

tness function, terminal condition and the terminal set. The ma-

or feature of this GEP is that it is relatively simple and works at

he minimal chromosomal level. Another reason for better perfor-

ance of GEP based modeling is that it has non linear and multi-

enic nature and hence more complicated systems can be evolved

n the form of several simpler sub-programs [27] . 

A simpler GEP model in the Karva language consist of fixed

ength symbols having a function set (e.g. + , −, ×, /, Log) and a ter-

inal set (e.g. a, b, c , 3). The model thus derived is an organization

f multiple chromosome, represented in the form of a simple parse

ree [30] . The decoding of the same is presented in the Karva lan-

uage as given by 

Log + + c3 ab (1)
where a, b and c are variables and 3 is a constant. These ex-

ressions are simply called as Karva notation or a k-expression and

he model is further evolved in the form of an ET and is given by

ig. 1 . The expression in Eq. 1 , is the root of an ET, which starts

ith a functional node and finally reaches a terminal node towards

he end. Also it should be noted that ETs contain potential infor-

ation about the basic psychology and architecture for certain as-

ects of the problem. The overall requirement of this kind of inter-

retation is that it helps in simpler and quicker understanding of

ighly complex mathematical formulations [31] . The k-expression

hus formulated are presented as simplified mathematical equa-

ions and is given by 

of Log(a + b) / (c + 3) (2)

Here it should be noted that the Karva notations from simple

EP models can help to estimate the total length of genes. Also

n a GEP model, the total number of ETs keep on changing with

espect to problem under consideration [22] . The above said mod-

lling expressions further signifies that the proposed models have

ertain redundant elements which are not significant for genetic

apping and hence can be removed. Here it should be noted that

he total length of a Karva notation or k-expression must be less

han or equal to the total length of a GEP gene. Also it is a random

ead-tail methodology where head might have both function and

erminal symbol but the tail consists of only the terminal symbol

22] . 

For each member of the population, a simple GEP algorithm be-

ins with a uniform random initialization of its fixed length chro-

osomes from the whole set of the population. The next step is to

valuate chromosomes as ETs and find the best fit solutions or ETs

ased on the fitness of the previous solutions in order to repro-

uce new solutions with modifications. Note that a new solution

ith elitism is evaluated using Roulette wheel selection (RWS) and

he evaluation process is followed unless and until the termination

riteria is satisfied. Due to the presence of RWS, the algorithm is

ound to be very effective in cloning and optimizing the best indi-

iduals with respect to generations [26] . Thus overall, we can say

hat the final solution thus obtained is considered as the potential

olution of the problem under consideration. The flow chart of a

asic GEP model is presented in Fig. 2 . 

.2. Proposed GEP model 

It has been found that a simple GEP model is highly reliable

hen the total number of cases for the occurrence of an event

s limited in number. In the present scenario, that is in case of
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Fig. 2. Representation of a GEP algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Parameter Settings for GEP algorithm. 

Parameter Settings 

General 

Chromosome 30 

Gene 5 

DC size 5 

Head size 4 

Tail size 5 

Gene size 14 

Linking function Addition/Minimum 

Genetic operator +, -, × , ÷, 
√ 

Mutation rate 0.00206 

Inversion rate 0.00546 

IS and RIS transposition rate 0.00546 

One-point and two-point recombination rate 0.00277 

Gene recombination and transposition rate 0.00277 

Numerical Constants 

Constant per gene 10 

Data type Floating-Point 

Range [-10, 10] 
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COVID-19, the data is just as old as 100 days and hence can be

clearly interpreted with a simplified GEP model. Thus to have a

better and clearer perspective on the total number of COVID-19

cases across the different countries of the world, two major pa-

rameters including CC and DC are taken into consideration. The

recovered case data is another parameter which has surfaced in

the recent days and this data is really very limited and also not

available from reliable sources. So only CC and DC data has been

taken in order to have a clear perspective on the extent of COVID-

19 in the coming days. For performance evaluations, the best GEP

model is selected from the pool of eight former records. The data

set based on training is divided into two sub data sets and are sub-

sequently used for training phase and testing/validation phase [26] .

Here 70% of the data is used for training whereas 30% data is used

for the testing/validation. Also, the training data uses gene evolu-

tion modeling and the best model thus formulated is predicted us-

ing the correlation coefficient. Apart from that multiple runs have

been performed to reduce the possible error and predict the fi-

nal near optimal solution. This is done because a simple numeri-

cal optimization algorithm cannot be judged by a single run and

efficiency of the algorithm can be analysed only if the results ob-

tained remains almost similar over subsequent runs. Overall, from

the above discussion, it is evident that the new models have been

proposed having better performance for training and can somehow

work pretty well for testing/validation phase. 

Also, it is a well known fact, that a GEP model is highly af-

fected by the choice of training parameters. So in order to have a

good enough model, multiple runs of the proposed models have

been performed by changing the parametric settings. Though the

new parametric setting is initialized over subsequent generations,

an initial parametric detail has been added based on the previous

models as given by [22] . Finally, along with the learning process,

the overall fitness needs to be maximized and hence a new fitness

function is derived as given by 

F itness = ( 
1 

1 + MSE 
) × 10 0 0 (3)

where MSE is the mean squared error and the fitness function thus

formulated in Eq. 3 is used for all the countries under investi-

gation. Further, detailed discussion on the comparative study and
alidation of the proposed models is presented in the consecutive

ubsections. 

. Numerical results and comparative study 

In this section, the detailed study on the various numerical re-

ults and the comparative study for 15 worst affected areas of the

orld is presented. The GEP based modelling for COVID-19 in those

ountries has been implemented using GeneXpro Tool [31] and the

arameter settings is presented in Table 1 . The number of runs for

he simulation were significant enough and performed until and

nless no further improvement can be noticed in the GEP model.

ere the general architecture of GEP model is evolved based on

he total head size and the gene count [32] . For each chromo-

ome in the model, the gene count determines the total number

f terms in the GEP model and hence constitute a sub-ET. When

he gene count becomes greater than 1, mathematical models are

inked by using the linkage functions. The linkage functions are

imple yet efficient and highly reliable GEP based models can be

evised from them [33] . In present work, the total number of op-

imal head sizes and gene count is taken as 5 and 4 respectively.

ore detailed statistical parameters used for present scenario is

resented in Table 2 . 

The parameters discussed in Table 2 are basically the major pa-

ameters which help in external validation of any GEP model. In

resent work, the validation criteria stated in [34] has been uti-

ized. The main characteristics of this criteria is that the area under

he regression slope ( k or k 
′ 
) must be close to 1 and in line with

he origin. The value of other parameters m and n must be lower

han 0.1 and external predictability R m 

should be more than 0.5

35] . Apart from that, the value of squared correlation coefficients

o 
′ 2 and Ro 2 must be close to 1 and the value of Ro 2 and Ro 2 lies

etween the experimental and intended values [26] . Other major

arameters are detailed in Table 2 . Here it should be noted that

he value of all of the above discussed plays a really very impor-

ant role in estimating and ensuring good prediction probability of

ach model proposed. They are also important factors for analysing

he strong testing and validation of the proposed models. 

Further, in order to have a fair comparison for each of the coun-

ries under consideration, the proposed CC and DC GEP models are

ubjected to two major statistical testing approaches. These include

MSE and R 2 , and are calculated as 

MSE = 

∑ n 
i =1 | h i − t i | 

n 

(4)
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Table 2 

Statistical Parameters of GEP model for external validation. 

Item Formula Condition GEP CC GEP DC 

1 R 0.8 < R 0.9999 0.9997 

2 k = [ 
∑ n 

i =1 (h i × t i )] /h 2 
i 

0.85 < k < 1.15 0.9996 0.9994 

3 k 
′ = [ 

∑ n 
i =1 (h i × t i )] /t 2 

i 
0 . 85 < k 

′ 
< 1 . 15 1.0000 0.9998 

4 m = (R 2 − Ro 2 ) /R 2 | m | < 0.1 -0.00036 -0.00154 

5 n = (R 2 − Ro 
′ 2 ) /R 2 | n | < 0.1 -0.00026 -0.00155 

6 R m = R 2 × (1 −
√ 

| R 2 − Ro 2 | ) 0.5 < R m 0.9837 0.9592 

where Ro 2 = 1 − [ 
∑ n 

i =1 (t i − h 0 
i 
) 2 ] / [ 

∑ n 
i =1 (t i − t̄ i ) 

2 ] h 0 
i 

= k × t i 1.0000 0.9999 

Ro 
′ 2 = 1 − [ 

∑ n 
i =1 (h i − t 0 

i 
) 2 ] / [ 

∑ n 
i =1 (h i − h̄ i ) 

2 ] t 0 
i 

= k 
′ × h i 1.0000 1.0000 

Fig. 3. Experimental versus predicted cases for COVID-19 in USA using GEP model. 
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∑ n 
i =1 (h i − h̄ i )(t i − t̄ i ) √ ∑ n 

i =1 (h i − h̄ i ) 2 
∑ n 

i =1 (t i − t̄ i ) 2 
(5) 

here n is the total sample size, and for the i th output, h i and t i 
s the actual versus desired outputs, h̄ i and t̄ i is the actual ver-

us intended output. Also, it has been found that R alone cannot

e considered as the best evaluation criteria. This is because the

alue of R pose little variation while shifting the output of the

rediction models and hence there is requirement of some other

arameter for performance evaluation of the proposed models. In

resent scenario, RMSE or the error function has also been taken

nto consideration and meaningful results can be derived. This fact

as further validated by Smith et al. [32] , who coined that for a

EP model to be accurate and highly reliable, the correlation coef-

cient between the actual and the desired outputs must be highly

trong and close to 1. They also coined that a higher value of RMSE

s also desired for the model to be efficient. Thus overall, it can be

aid that any model having a strong correlation and larger RMSE

alues are capable of providing reliable and efficient time series

redictions [36] . 

Apart from that, the prediction variables also play very signifi-

ant role and are considered as integral parts of a GEP model [36] .

hese parameters helps in finding the contribution of each pre-

ictor variable in the model. All of these models follow a simple

andomization phenomena in order to estimate the importance of

ach prediction variable. They also helps in finding the average re-
uction in the correlation between the experimental and desired

utput. And finally these results are normalized in such a way that

he sum of all the variables amount to 1. 

In the consecutive subsections, detailed study for COVID-19 in

he 15 worst affected countries of the world is discussed. The re-

ults are presented in terms of ET based validation, variable impor-

ance and finally statistical tests using RMSE and R 2 . 

.1. GEP Model for USA 

With an area of 3.8 million square miles and a total population

f 328 million people, USA is the third largest country in the world

n terms of total area as well as population. The country though

s the global superpower but also the most affected country with

he COVID-19 pandemic. With a total of 1,675,258 CC as of 29 May

020, the total number of death toll or DC has reached 98889, the

ighest burden any country in the world has suffered. So it be-

omes really important to analyse the effect and predict possible

mpact of the virus on USA in the coming days. The results of pre-

iction model in terms of both CC and DC in USA is presented in

ig. 3 . It has been found that GEP model proposed in present work

rovide almost similar prediction results as that of original num-

er of cases till 29 May 2020 and further predicts that a sharp rise

n the cases is expected by 8 June 2020, with a total number of

C amounting to 1,890,781 and the death toll rising to 113158. The

otal number of projected CC to DC per day is presented in Fig. 4 .
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Fig. 4. Prediction of new confirmed cases of COVID-19 per day in USA. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 2 Model for DC in USA. 

function Result=GEPModel(d) 

G2C2 = 116.19103416275; 

G2C7 = 51.0971953575797; 

y = 0 . 0 ;
y = ((d(1) − d(13)) − (d(5) − d(14))) ;
y = (y + (min (G 2 C2 , d(1)) ∗ min (G 2 C7 , d(3)))) / 2 . 0 ;
y = (y + min ((d(14) − d (9)) , (d (9) − d(5)))) / 2 . 0 ;
y = (y + ((d(14) + d(14)) − gep3 Rt(d(1)))) / 2 . 0 ;
Result=y; 

End 
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In the next subsection, the ET based validation of the above for-

mulation is presented. 

3.1.1. The expression tree based validation 

ETs for USA are given in Fig. 5 in terms of CC and DC. Based

on these mathematical formulations can be represented as com-

plex organization of operators, constants and variables and finally

prediction analysis have been presented. From the Fig. 5 , it can be

seen that the proposed ET is divided into four sub-ETs and each of

the subprogram represents some individual aspects of the problem

under test. From these sub-ETs, meaningful information can be de-

rived and desired solutions are obtained. Also these sub-ETs con-

tain potential information about the architecture and psychology

of the possible facets of the problem which ultimately pave way

for chromosomal level evaluation. The sub-ETs in the Fig. 5 fur-

ther shows that the linkage function for present case is minimum

for CC and subtraction for DC. From these sub-ETs mathematical

models can be derived and hence meaningful information can be

extracted. The time series prediction model pseudo-codes for USA

are given in Algorithm 1 for CC and Algorithm 2 for DC. Also the

Algorithm 1 Model for CC in USA. 

function Result=GEPModel(d) 

G1C6 = 12.3864685175588; 

G2C2 = 29135.4509661364; 

G3C6 = 5001.46929475166; 

G4C1 = -1422.2582336 6 634; 

y = 0 . 0 ;
y = min ((G 1 C6 4 ) , (d(14) − d(13))) ;
y = (y + min ((d(14) − d(7)) , max (G 2 C2 , d(1)))) / 2 . 0 ;
y = (y + max ((d(14) − d (2)) , (d (8) − G 3 C6))) / 2 . 0 ;
y = (y + ((d(13) + d(14)) − ((d(6) + G 4 C1) / 2 . 0))) / 2 . 0 ;
Result=y; 

End 

model used is generated using 114 training records for CC and 74

training records for DC. 

3.1.2. Variable importance 

It has already been discussed above that the prediction vari-

ables are important parameters of a GEP model. From the results
n Fig. 6 , it can be said that as of 29 May 2020, the most important

arameter for both CC and DC is d 13 Independently, CC is highly

nfluenced by d 12 and d 13 where as DC has the most effect be-

ause of d 13 only. It should be noted that the variables are normal-

zed such that the sum of all these prediction variables amount to

. The statistical results for USA are presented in subsequent sub-

ections. 

.2. GEP Model for CANADA 

Canada is the second largest country in the world with a to-

al stretch of 9.98 million square kilometers and a population of

nly 37.6 millions. The country though is the second largest in the

orld but the impact of COVID-19 on its population is no less. The

ountry is sparsely populated and still the impact of virus is on a

ider scale. The total number of CC as of 29 May 2020 is 87,902

nd the death toll has reached 6799 (exact figures). This section

etails about three aspects of analysis on coronavirus. These in-

lude prediction figures, expression trees and variable importance.

n Fig. 7 , a representation of both CC and DC cases for both pre-

icted and exact situation are presented. Here also the prediction

odel provide reliable results and it is expected that by 8 June

020, the curve of rise in the total number of cases will amount to

5,223 CC with approximately 7803 deaths. Apart from that, the

verage rise in the number of CC and DC per days is presented in

ig. 8 . 
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Fig. 5. Expression trees (ETs) for the modelling of COVID-19 in USA. 
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Algorithm 3 Model for CC in Canada. 

function Result=GEPModel(d) 

G2C0 = 3.97309901875719; 

G2C9 = -6.72880947294534; 

G3C4 = 138.060430447652; 

G4C7 = 231.222865206135; 

y = 0 . 0 ;
y = min ((d(12) − d(4)) , (d(14) − d(6))) ;
y = (y + (min (d(1) , G 2 C0) ∗ (G 2 C9 + d(14)))) / 2 . 0 ;
y = (y + ((d (14) /d (1)) ∗ min (d(2) , G 3 C4))) / 2 . 0 ;
y = (y + min ((d(12) + d(8)) , (G 4 C7 + d(14)))) / 2 . 0 ;
Result=y; 

End 

a  

t  
.2.1. The expression tree based validation 

The ET for Canada shows the mathematical formulation of

OVID-19 CC and DC across the whole country. From the ETs in

he Fig. 9 , it can be seen that both CC and DC consists of four in-

ependent subprograms or sub-ETs. The linkage function for the

C is minimum where as for DC, subtraction linkage function has

een used. The mathematical formulation of time series prediction

odel for both CC and DC in Canada is provided in Algorithm 3

nd Algorithm 4 . These representations are quiet simple and pre-

ictions for future can be obtained from the same. The total num-

er of training records for CC is 110 whereas in case of DC it is

6. 

.2.2. Variable importance 

This parameter as already discussed in very important and fol-

ows a randomization procedure to analyze the importance of each

ariable for all the inputs. The results are calculated by finding the

verage reduction in the correlation between the desired output
nd the predicted outputs. The results in Fig. 10 , shows the impor-

ance of different prediction variables in case of Canada. It can be
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Fig. 6. Contribution of predictor variables for COVID-19 in USA. 

Fig. 7. Experimental versus predicted cases for COVID-19 in Canada using GEP model. 

Algorithm 4 Model for DC in Canada. 

function Result=GEPModel(d) 

G2C5 = 5.1768238907076; 

y = 0 . 0 ;

y = (max (d(12) , d(11)) − min (d(14) , d(13))) ;
y = (y + (min (real l og(d(9)) , G 2 C5) 4 )) / 2 . 0 ;
y = (y + max ((d(10) − d (7)) , (d (11) − d(8)))) / 2 . 0 ;
y = (y + (max (d (13) , d (12)) + max (d (14) , d (13)))) / 2 . 0 ;

Result=y; 

End 

s  

n  

s  

o

3

 

l  

t  

f  

r  

h  

n  
een from the figures that for CC variable d 0 and d 13 provide sig-

ificant importance where as for DC, d 9, d 10, d 11, d 12 and d 13 are

ignificant variables. Here it is to be noted that the total number

f significant variables in CC is 7 and for DC is 8. 

.3. GEP Model for GERMANY 

Germany, a European country with a total population of 83 mil-

ion living in a total space of 348,560 square kilometers, has more

han 50% population above 45 years of age. As an already known

act that the coronavirus affects the people of elder age, it becomes

eally very important to analyse its effect in Germany. The country

as been hit hard by the pandemic and till 29 May 2020, the total

umber of confirmed cases is 180,458 accounting for a total deaths
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Fig. 8. Prediction of new confirmed cases of COVID-19 per day in Canada. 
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Algorithm 6 Model for DC in Germany. 

function Result=GEPModel(d) 

G1C5 = -32.9205602566037; 

G2C5 = 293.188412076497; 

G3C1 = 55.0200292886171; 

G3C9 = -16.547349562982; 

G4C3 = 12.6332247645711; 

y = 0 . 0 ;
y = min (((d(5) + d(13)) / 2 . 0) , (d(9) + G 1 C5)) ;
y = (y + max (((G 2 C5 + d (14)) / 2 . 0) , ((d (2) + 

d(5)) / 2 . 0))) / 2 . 0 ;
y = (y + max (((G 3 C1 + d(13)) / 2 . 0) , (G 3 C9 + d(9)))) / 2 . 0 ;
y = (y + ((G 4 C3 + d(14)) − (d(6) − d(14)))) / 2 . 0 ;

Result=y; 

End 
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f 8450 people. With an average increase of more than 10 0 0 peo-

le daily, the virus seems to affect almost every other household in

he country. A general predicted output versus the original cases

or both CC and DC is presented in Fig. 11 . It can be seen that

he curve is increasing exponentially and by 8 June 2020, the total

umber of CC and DC can increase by 182,857 and 8628 respec-

ively. The predictions show that the cases will almost stagnate in

he coming days and with intensive lockdown and proper social

istancing, the country will be free of COVID-19 cases pretty soon.

he total number of projected new cases for CC and DC per day is

iven by Fig. 12 . 

.3.1. The expression tree based validation 

ETs in case of Germany are presented in Fig. 13 . It can be seen

rom the figures that the ETs for both CC and DC in Germany con-

ists of four chromosomes or sub-ETs. These sub-ETs are connected

y minimum linkage function for both CC and DC. Based on these

Ts, mathematical formulations can be drawn and further evalua-

ion at chromosomal level can be achieved as per the end users

equirement. The general time series prediction for Germany in

ase of CC is given by Algorithm 5 and in case of DC is given by

lgorithm 5 Model for CC in Germany. 

function Result=GEPModel(d) 

G1C0 = 13163.3416803384; 

G4C4 = 6.99913632618183; 

G4C1 = -7.76454 96993926 8; 

y = 0 . 0 ;

y = min (max (d(3) , G 1 C0) , (d(12) + d(11))) ;
y = (y + ((d(14) − d(7)) + min (d (11) , d (9)))) / 2 . 0 ;
y = (y + (max (d (14) , d (12)) − (d(6) − d(14)))) / 2 . 0 ;
y = (y + (max (d (14) , d (12)) − (G 4 C4 ∗ G 4 C1))) / 2 . 0 ;

Result=y; 

End 

lgorithm 6 . Note that a total of 109 training sample for CC and 67

raining records for DC have been used respectively. 
.3.2. Variable importance 

This parameter is accountable for all the prediction variables

n the proposed GEP model and helps in finding the exact vari-

ble which poses challenge and has significant effect on the per-

ormance of a GEP model. In case of Germany, the effect of pre-

iction variables is presented in Fig. 14 . These variables show the

resent scenario and as of 29 May 2020, it can be seen that d 11

nd d 13 variable has a significant effect on the COVID-19 CC and

ariable d 5, d 8 and d 13 has the effect on DC in case of Germany.

he total number of significant variables for CC is 7 and for DC

s 6. Apart from these parameters, all other parameters pose little

ignificance and hence providing a more reliable model with little

ffect of prediction variables. 

.4. GEP Model for BRAZIL 

Brazil, the fifth largest country in the world, has a total popula-

ion of 209 million people living in an area of 8.51 million square

ilometers. The country is the sixth most populous country in the

orld and third most affected nation in the region of Americas.

ith a total number of positive cases amounting to 411,821, the

eath count has reaction almost 26,0 0 0 people. The total popula-

ion of Brazil has a distribution of 23% below 13 years of age, 69%

etween 15 to 61 and only 8% population is above 65 years of age.
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Fig. 9. Expression trees (ETs) for the modelling of COVID-19 in Canada. 
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With such diversified variations, at least 8% of the countries popu-

lation is expected to be highly affected by the COVID-19 pandemic.

The total number of cases are rising exponentially with a total in-

crease of more than 50 0 0 to 80 0 0 cases daily. Thus it becomes

really very important to analyse the effect of coronavirus in Brazil.

A detailed study of the proposed values for CC and DC for Brazil

is given in Fig. 15 . Here the prediction and experimental figures

show that the expected rise in the total number of COVID-19 by 8

June 2020 in Brazil in terms of CC and DC is 706,710 and 36,468

respectively. The study thus predicts that the cases will rise ex-
 E  
onentially with in the coming days and is expected to make the

ituation more worse. More details about the daily rise in the cases

an be seen from Fig. 16 

.4.1. The expression tree based validation 

ETs for this study are presented in Fig. 17 for both CC and DC.

hese ETs can be used to derive new mathematical equations and

ew predictions can be formulated based on them. It can be seen

hat, each chromosome in the prediction ET, consists of four sub-

Ts for CC and DC cases. Each of these sub-ETs represented dif-
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Fig. 10. Contribution of predictor variables for COVID-19 in Canada. 

Fig. 11. Experimental versus predicted cases for COVID-19 in Germany using GEP model. 
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erent aspects of the COVID-19 cases in Brazil and paves way for

hromosomal level evaluation. Apart from these studies, it can be

een that the linkage function used in case of CC is minimum and

or DC, multiplication linkage function is used. Both these linkage

unctions acts as the building blocks of the basic GEP models and

ore precise mathematical equations can be formulated based on

hem. The time series model for Brazil in case of CC is given by

lgorithm 7 and for DC is given in Algorithm 8 . Here it is to be

ept in mind that the total number of training records for CC is 79

nd 58 no. of indices are used for DC. 
.4.2. Variable importance 

In order to analyse the importance of prediction variables in

razil, a randomization phenomena is followed by finding the av-

rage reduction in R 2 between the desired and predicted val-

es. The normalized results for prediction variables are presented

n Fig. 18 . It can be seen from the results that as of 29 May

020, the total number of confirmed cases in Brazil is highly

ffected by d 12 and d 13 variable for CC and only d 13 vari-

ble for DC. Here the total number of significant variables for

oth CC and DC is only 4. All other variable either pose lit-
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Fig. 12. Prediction of new confirmed cases of COVID-19 per day in Germany. 

Algorithm 7 Model for CC in Brazil. 

function Result=GEPModel(d) 

G1C6 = 10.1130474123497; 

G2C3 = 0.655055085909604; 

G2C4 = -50.2299865793852; 

G2C1 = -8.637959041523; 

G3C4 = 1.6296801311228; 

G4C4 = 9.70571254615925; 

G4C2 = 7.19595934934538; 

G4C1 = -0.257689443647572; 

y = 0 . 0 ;
y = min ((d(13) − d(7)) , exp(G 1 C6)) ;
y = (y + ((G 2 C3 + G 2 C4) − (d(14) ∗ G 2 C1))) / 2 . 0 ;
y = (y + max ((d(14) + d(9)) , (G 3 C4 ∗ d(14)))) / 2 . 0 ;
y = (y + ((G 4 C4 ∗ G 4 C2) − (d(13) + G 4 C1))) / 2 . 0 ;
Result=y; 

End 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 8 Model for DC in Brazil. 

function Result=GEPModel(d) 

G1C3 = 11.9332821132058; 

G2C3 = -2.7296649078589; 

G3C8 = 3.98250428178905; 

G3C9 = -14.5942322977546; 

G4C9 = -880.552781744542; 

y = 0 . 0 ;

y = (gep3 Rt(d(2)) ∗ (G 1 C3 ∗ G 1 C3)) ;
y = (y + f loor(((d(7) − d(8)) ∗ G 2 C3))) / 2 . 0 ;
y = (y + f loor(((d(14) + G 3 C9) ∗ G 3 C8))) / 2 . 0 ;
y = (y + abs (max ((d(7) − d(8)) , G 4 C9))) / 2 . 0 ;

Result=y; 

End 
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tle or no significance on the performance of the proposed GEP

models. 

3.5. GEP Model for MEXICO 

Mexico is the tenth most populous country of the world with a

population of around 125 million people. The population is highly

diverse and more than 6% of the people are above 65 years of age.

As the COVID-19 is highly vulnerable to people of higher age, a

risk to this 6% population seems really challenging. Despite of the

fact, that the two immediate neighbours USA and Brazil are among

the top two most affected nations, Mexico has only 78,023 total

number of positive cases and a DC of 8597 as of 29 May 2020.

From the GEP model analysis, it is expected that by 8 June 2020,

the total number of CC will reach 118,845 cases and death county

will be almost 13,231 cases. The expected total daily rise in CC and

DC is given in Fig. 20 . 

3.5.1. The expression tree based validation 

The ETs used for present case are similar to the ones used for

other cases. A detailed overview of the ETs is presented in Fig. 19 .

From the above figures, it can be seen that the proposed ETs is
ivided into four sub-ETs. These sub-ETs provide relevant informa-

ion about the basic psychology and architecture of the problem

nder consideration. From the figures, it can be seen that the link-

ng function used for both CC and DC is minimum linkage function.

he time series pseudo-codes for the proposed models of Mexico

re presented in Algorithm 9 for CC and Algorithm 10 for DC. Here

t should be noted that the total number of training samples for

C is 109 and for DC it is 67 and accurate reliable model has been

esigned based on this training data. 

.5.2. Variable importance 

This parameter is really very important and decides the major

actors which are responsible for the better predictability of the

odel. The results are calculated as an average reduction in R 2 

alues between predicted and desired output in order to find the

mportance of each variable. In case of Mexico, the results for vari-

ble importance are provided in Fig. 22 and it can be seen that d 13

ariable plays major role in cases of CC where as in case of DC, d 8

nd d 13 variable provide relevant information. Here the total num-

er of variables affecting the performance of both the GEP models
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Fig. 13. Expression trees (ETs) for the modelling of COVID-19 in Germany. 

Algorithm 9 Model for CC in Mexico. 

function Result=GEPModel(d) 

G1C2 = 7.90408241821846e-02; 

G1C4 = -335.188771786338; 

G2C3 = 6.23403623917281; 

G3C5 = 15.8673069131827; 

G4C8 = 9.37586596270638; 

y = 0 . 0 ;
y = min ((G 1 C2 ∗ d(1)) , (d(1) + G 1 C4)) ;
yy = (y + min ((G 2 C3 4 ) , (d(5) − d(1)))) / 2 . 0 ;
y = (y + ((G 3 C5 ∗ G 3 C5) + (d(4) + d(10)))) / 2 . 0 ;
y = (y + ((G 4 C8 + d(14)) + (d(14) − d(5)))) / 2 . 0 ;

Result=y; 

End 

Algorithm 10 Model for DC in Mexico. 

function Result=GEPModel(d) 

G1C7 = 6.80 6 61370798486; 

G2C0 = 3004.07598465258; 

G2C8 = -25.0150819014997; 

G3C0 = -20.9960265329855; 

G4C8 = 6.77602557582881; 

G4C0 = 7.82097464803732; 

y = 0 . 0 ;
y = min (exp(G 1 C7) , (d(8) + d(8))) ;
y = (y + min (min (G 2 C0 , d(1)) , (G 2 C8 + d(6)))) / 2 . 0 ;
y = (y + max ((d(14) − d(6)) , ((G 3 C0 + d(8)) / 2 . 0))) / 2 . 0 ;
y = (y + ((G 4 C8 ∗ G 4 C0) + (d(14) + d(9)))) / 2 . 0 ;

Result=y; 

End 
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Fig. 14. Contribution of predictor variables for COVID-19 in Germany. 

Fig. 15. Experimental versus predicted cases for COVID-19 in Brazil using GEP model. 
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is 5. All other variable in the figure either pose little significance

or have no effect overall. 

3.6. GEP Model for UK 

United Kingdom or UK or the Great Britain is the most promi-

nent country of Europe, having a total area of 242,495 square kilo-

meters and a population of 66.6 million people. The country is

hit very hard by the COVID-19 pandemic because of the problem

of majority older population. It has already adversely affected the

population and reached a total number of 269,721 positive cases

and a DC of 37,739 as of 29 May 2020. Also from the GEP model
nalysis, it is expected that by 8 June 2020, the total number of CC

ill reach 307,189 cases and death county will be almost 39,819

ases. This effect can be seen in Fig. 23 

.6.1. The expression tree based validation 

ETs in case of UK are given by Fig. 25 for both CC and DC. Based

n these ETs, mathematical equations can be formulated and new

rediction models can analysed. From the figures, it can be seen

hat the sub-ETs in case of UK are divided into four sub-ETs where

ach sub-ET corresponds individual aspect of the COVID-19 in UK.

rom the ETs, it can be seen that the linkage function for CC is

ivision linkage function and for DC is minimum linkage function.
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Fig. 16. Prediction of new confirmed cases of COVID-19 per day in Brazil. 
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Algorithm 13 Model for CC in Russia. 

function Result=GEPModel(d) 

G1C5 = -1041.14355906987; 

G1C3 = -5.56468938397887e-02; 

G2C0 = 663.792431640511; 

GG3C1 = 9.34284761268673; 

G4C4 = 1947.01115878687; 

y = 0 . 0 ;
y = ((d(8) + G 1 C5) ∗ min (d(14) , G 1 C3)) ;
y = (y + min ((d(14) − d (8)) , (d (3) + G 2 C0))) / 2 . 0 ;
y = (y + min (((d(10) + d(2)) / 2 . 0) , exp(G 3 C1))) / 2 . 0 ;
y = (y + ((d(14) + d(14)) + min (G 4 C4 , d(4)))) / 2 . 0 ;

Result=y; 

End 
his information is necessary for chromosomal level evaluation and

athematical equation can be derived. The time series pseudo-

odes for both the CC and DC in UK is presented in Algorithm 11

lgorithm 11 Model for CC in UK. 

1: function Result=GEPModel(d) 

2: G1C7 = -1.99675579210857; 

3: G2C4 = 31.270337213851; 

4: G3C8 = 2394.21442384258; 

5: G4C7 = -10.6 8966 82412366; 

6: 

7: y = 0 . 0 ;
8: y = ((d(7) − d(1)) /atan (G 1 C7)) ;
9: y = (y + (min (d (10) , d (9)) + (G 2 C4 + d(14)))) / 2 . 0 ;

10: y = (y + (min (G 3 C8 , d(6)) − max (d(6) , G 3 C8))) / 2 . 0 ;
11: y = (y + ((d(14) + d(14)) − (G 4 C7 3 ))) / 2 . 0 ;
12: Result=y; 

13: End 

nd Algorithm 12 . These models are generated based on 105 train-

ng records for CC and 70 training records for DC. The daily forecast

f expected rise in the number of cases is given by Fig. 24 . 

lgorithm 12 Model for DC in UK. 

1: function Result=GEPModel(d) 

2: G1C7 = -127.811467373672; 

3: G2C3 = -195.267394062265; 

4: G2C0 = -0.86 846556 8304425; 

5: G3C6 = 2569.7036110523; 

6: G4C0 = 190.7676 8737804 8; 

7: y = 0 . 0 ;
8: y = min (((d(6) + d(14)) / 2 . 0) , (G 1 C7 + d(9))) ;
9: y = (y + min ((G 2 C3 − d (9)) , (d (6) /G 2 C0))) / 2 . 0 ;

10: y = (y + (min (G 3 C6 , d(12)) + (d(14) + d(14)))) / 2 . 0 ;
11: y = (y + ((G 4 C0 + d(14)) + min (G 4 C0 , d(3)))) / 2 . 0 ;
12: Result=y; 

13: End 
.6.2. Variable importance 

The prediction variable parameter depends on the normalized

verage reduction in R 2 between predicted and desired output val-

es. From the results in Fig. 26 , it can be seen that for UK, as of

3 May 2020, CC is highly affected by d 13 variable whereas for

C also, the variable d 13 provide significant involvement. The to-

al number of variable that affect the performance of the proposed

odel for CC is 6 and for DC is 5. Apart from these variables, no

ther variable has any significant importance on the performance

f the proposed GEP models. 

.7. GEP Model for RUSSIA 

Russia, the largest country of the world has a total population

ank of 9th in the world. The country has a median population of

bout 40 years of age and hence more than 30% of countries pop-

lation is above 65 years of age. Overall, it means that this per-

entage of population highly susceptible to COVID-19 disease and

ence greater care needs to be taken to keep the population under

heck. Till date, Russia has 269,721 total number of CC and a DC of

7,739 as of 29 May 2020 and it is expected that by 8 June 2020,

he total number of CC will reach 307,189 cases and death county

ill be almost 39,819 cases. This can be better interpreted from
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Fig. 17. Expression trees (ETs) for the modelling of COVID-19 in Brazil. 
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the Fig. 27 . Thus overall, we can say that the total number of cases

in Russia are rising at a rapid speed and greater care needs to be

taken to keep the virus under check. The expected rise in the daily

caces of CC and DC in the coming days is given in Fig. 28 . 

3.7.1. The expression tree based validation 

The ETs for Russia are given in Fig. 29 for both CC and DC. It

can be seen from the ETs that for both CC and DC cases, the ETs

are divided into four simple sub-ETs and linked by more simpler

linking functions. All of these sub-ETs for both CC and DC, addition

linkage function is used. The pseudo-codes for time series predic-
ion models in case of UK are given by Algorithm 13 for CC and

lgorithm 14 for DC. The total number of training samples are 105

nd 51 for both CC and DC respectively. 

.7.2. Variable importance 

This section provides details about the various prediction vari-

bles responsible for affecting the performance of CC and DC in

ussia. A detailed study about the prediction variables is presented

n Fig. 30 . From the results in the figure, it can be said that the

eneralized time series prediction models for CC and DC have de-

endence on D 13 and d 7, d 13 variables respectively. Apart from
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Fig. 18. Contribution of predictor variables for COVID-19 in Brazil. 

Fig. 19. Experimental versus predicted cases for COVID-19 in Mexico using GEP model. 
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hat DC also has some effect of d 4 variable. Here it should be noted

hat results are presented such that the addition of all these vari-

bles make the count equal to 1. Also the total number of signifi-

ant variables for CC is 6 and for DC is 5 respectively. 

.8. GEP Model for SPAIN 

Spain comes under European Union which is highly affected by

he COVID-19 pandemic and was among the top during initial days.

he total number of positive cases have reached 238,278 CC and

 DC of 29,037 as of 29 May 2020. The GEP based modelling re-

ults of the experimental versus predicted results are presented in
ig. 31 and it is expected that by 8 June 2020, the total number

f CC will reach 241,275 cases and death county will be approxi-

ately 30,267 cases. The detailed daily expected rise of CC and DC

n the coming days is given by Fig. 32 . The next subsections details

bout the expression tree based validation. 

.8.1. The expression tree based validation 

From the ETs in Fig. 33 , it can be seen that for both CC and

C, each of the ETs is divided into four sub-ETs. Each of the

ub-ET constitute some of the psychological and well as architec-

ural properties of a particular facet of the problem under test.

rom the figures, it can be seen that the linking function used
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Algorithm 14 Model for DC in Russia. 

function Result=GEPModel(d) 

G1C9 = -193.346184216457; 

G1C3 = -495.583165101412; 

G2C6 = -5.12837054887557; 

G2C2 = -42.8226121673008; 

G3C5 = 1.29265059156223; 

G4C6 = 3.32651753288369e-02; 

y = 0 . 0 ;
y = ((G 1 C9 + G 1 C9) + (G 1 C3 /d(1))) ;
y = (y + max ((G 2 C6 4 ) , ((d(1) + G 2 C2) / 2 . 0))) / 2 . 0 ;
y = (y + min ((d(14) − d (5)) , (d (10) + G 3 C5))) / 2 . 0 ;
y = (y + (((d(14) + d(8)) / 2 . 0) + (G 4 C6 + d(14)))) / 2 . 0 ;

Result=y; 

End 
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for both CC and DC is maximum linkage function. The time series

pseudo-codes for the proposed models of Mexico are presented

in Algorithm 15 for CC and Algorithm 16 for DC. Here it should

Algorithm 15 Model for CC in Spain. 

1: function Result=GEPModel(d) 

2: G2C1 = 101.877608224738; 

3: 

4: y = 0 . 0 ;
5: 

6: y = max ((d(14) − d(11)) , min (d(6) , d(3))) ;
7: y = (y + max ((d(10) − G 2 C1) , (d(14) − G 2 C1))) / 2 . 0 ;
8: = (y + ((d(14) − d(13)) − min (d (6) , d (8)))) / 2 . 0 ;
9: y = (y + (max (d (13) , d (14)) + max (d (14) , d (8)))) / 2 . 0 ;

10: 

11: Result=y; 

12: 

13: End 

Algorithm 16 Model for DC in Spain. 

1: function Result=GEPModel(d) 

2: G1C9 = 5.87023529770806; 

3: G1C1 = 5.88549455244606; 

4: G2C9 = 9.62343439344941; 

5: G3C5 = 545.724270 6 67475; 

6: G3C6 = -266.441275313279; 

7: G4C6 = 9.562935777612; 

8: y = 0 . 0 ;
9: y = max ((G 1 C9 ∗ d(14)) , (G 1 C1 ∗ d(13))) ;

10: y = (y + max ((d(14) − d(8)) , (G 2 C9 3 ))) / 2 . 0 ;
11: y = (y + max ((d(11) + G 3 C5) , (d(14) + G 3 C6))) / 2 . 0 ;
12: y = (y + min ((d(11) − d(5)) , (G 4 C6 3 ))) / 2 . 0 ;
13: Result=y; 

14: End 

be noted that the total number of training samples for CC is 105

and for DC it is 72 and accurate reliable model has been designed

based on this training data. 

3.8.2. Variable importance 

The results for both the cases of CC and DC for Spain are pre-

sented in terms of R 2 values between predicted and desired output

and are important in order to find the significance of each predic-

tion variable. In case of Spain, the results for variable importance

are provided in Fig. 34 and from the figures, it can be seen that

d 13 variable plays major role in cases of CC where as in case of
C, d 10, d 12 and d 13 variable provide relevant information. Also

t should be noted that the total number of variables for CC is 7

nd for DC is 5. All other variable in the figure either pose little

ignificance or have no overall effect. 

.9. GEP Model for ITALY 

Italy comes under European Union and was the worst affected

ountry because of COVID-19 during the initial days. The country

as one among the best health care system of the world but still

he hype of the pandemic could not stop the ever growing corona

ases across the country. By 29 May 2020, the total number of CC

ases were around 231,732 and a DC of 33142. From the GEP model

nalysis as presented in Fig. 35 , it is expected that by 8 June 2020,

he total number of CC will reach 234,199 cases and death county

ill be almost 35,022 cases. The overal daily rise in the cases CC

nd DC is given by Fig. 36 The ETs for the proposed GEP models

re presented in the next subsection. 

.9.1. The expression tree based validation 

As already discussed, ETs help in mathematical formulation and

elp in defining the basic psychology and architecture of GEP mod-

ls, it becomes very imperative to present detailed ETs for Italy

lso. The detailed study on ETs is presented in Fig. 37 . From the

gures, it can be seen that for both CC and DC, the results are di-

ided into four sub-ETs. Each of these sub ETs correspond to the

asic details of the numerical equations of COVID-19 in Italy. These

ub-ETs for CC and DC both are linked by using subtraction link-

ge function. The pseudo-codes for time series prediction models

n case of Italy are given by Algorithm 17 for CC and Algorithm 18

lgorithm 17 PModel for CC in Italy. 

function Result=GEPModel(d) 

G1C6 = 3233.65849946328; 

G1C1 = 322.036057211965; 

G3C3 = 2014.01594128521; 

G4C6 = 117.857739082535; 

y = 0 . 0 ;
y = (min (d(8) , G 1 C6) − max (d(13) , G 1 C1)) ;
y = (y + ((d(14) + d(14)) + ((d(9) + d(8)) / 2 . 0))) / 2 . 0 ;
y = (y + max ((d(10) − d (6)) , (d (4) − G 3 C3))) / 2 . 0 ;
y = (y + ((G 4 C6 − d(6)) + (d(14) + d(14)))) / 2 . 0 ;

Result=y; 

End 

lgorithm 18 Model for DC in Italy. 

function Result=GEPModel(d) 

G1C5 = 1109.67059723467; 

y = 0 . 0 ;

y = ((G 1 C5 − d(3)) − (d(4) − d(13))) ;
y = (y + max ((d(14) − d (4)) , min (d (4) , d (5)))) / 2 . 0 ;
y = (y + (min (d (13) , d (14)) + max (d (14) , d (3)))) / 2 . 0 ;
y = (y + ceil(min (((d(14) + d (12)) / 2 . 0) , d (13)))) / 2 . 0 ;

Result=y; 

End 

or DC. The total number of training samples are 107 and 83 for

oth CC and DC respectively. 
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Fig. 20. Prediction of new confirmed cases of COVID-19 per day in Mexico. 

Fig. 21. Expression trees (ETs) for the modelling of COVID-19 in Mexico. 
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Fig. 22. Contribution of predictor variables for COVID-19 in Mexico. 

Fig. 23. Experimental versus predicted cases for COVID-19 in UK using GEP model. 
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3.9.2. Variable importance 

The results for variable importance in case of Italy are pre-

sented as an average reduction in R 2 values between predicted and

desired output in order to find the importance of each variable.

The variable importance is calculated for both CC and DC and are

presented in Fig. 38 . It can be seen that d 13 variable plays major

role in cases of CC where as in case of DC, d 12 and d 13 variable

provide relevant information. All other variable in the figure either

pose little significance or have no effect. In the next subsection,

prediction analysis for France is presented. 
.10. GEP Model for FRANCE 

France is another European country which has been hit hard

y the COVID-19 pandemic. With 146,122 total number of positive

ases and a DC of 28,608 as of 29 May 2020, the country is al-

eady suffering a lot. Though it grew at an exponential rate during

he initial days but proper lockdown and social distancing was fol-

owed and the virus was controlled with a pretty stagnant growth

ate in the past few days. The GEP model analysis for both CC and

C in terms of predicted and actual cases is presented in Fig. 39 .
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Fig. 24. Prediction of new confirmed cases of COVID-19 per day in United Kingdom. 

Fig. 25. Expression trees (ETs) for the modelling of COVID-19 in UK. 
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Fig. 26. Contribution of predictor variables for COVID-19 in UK. 

Fig. 27. Experimental versus predicted cases for COVID-19 in Russia using GEP model. 
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From the GEP model analysis, it is expected that by 8 June 2020,

the total number of CC will decrease to 145,036 cases and death

county will be almost 29,144 cases. 

3.10.1. The expression tree based validation 

The ETs for France are presented in Fig. 41 for both CC and DC.

Each of the ET for CC or DC is divided into four sub-ETs. In case

of CC, the maximum linkage function is used whereas for DC, sub-

traction linkage function is used. The ETs thus formulated are very

simple and use basic mathematical operations for representation.

Apart from that, the time series model for France in case of CC is
iven by Algorithm 19 and for DC is given in Algorithm 20 . Here it

s to be kept in mind that the total number of training records for

C is 112 and 90 no. of indices are used for DC. 

.10.2. Variable importance 

The statistical results of various significant variables in case of

rance is presented in Fig. 42 . From the figures, it is evident that

n case of CC, out of seven significant variables, three variable pose

eally very significant advantage. These include d 11, d 12 and d 13

nd d 13 being the most significant variable. For DC, only d 8 and

 13 pose significant importance from overall eight variables. Thus
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Fig. 28. Prediction of new confirmed cases of COVID-19 per day in Russia. 

Fig. 29. Expression trees (ETs) for the modelling of COVID-19 in Russia. 
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Fig. 30. Contribution of predictor variables for COVID-19 in Russia. 

Fig. 31. Experimental versus predicted cases for COVID-19 in Spain using GEP model. 

Algorithm 19 Model for CC in France. 

function Result=GEPModel(d) 

G3C7 = -156.144338865781; 

y = 0 . 0 ;

y = max ((d(12) − d(5)) , max (d(6) , d(5))) ;
y = (y + ((d(12) + d(5)) − min (d (8) , d (7)))) / 2 . 0 ;
y = (y + max ((d(5) − G 3 C7) , (d(12) − d(6)))) / 2 . 0 ;
y = (y + (max (d (13) , d (14)) − (d(5) − d(14)))) / 2 . 0 ;

Result=y; 

End 
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or both CC and DC, the variable d 13 can be considered as the

ost important variable. In the next subsection, GEP modelling for

urkey is presented. 

.11. GEP Model for TURKEY 

Turkey is a transcontinental country with a total population of

4 million and ranks 17th in terms of overall world population

anking. Of this total population, about 10 million population is

bove 60 years of age. It is also a well known fact the coronavirus

s found to affect elderly population. Thus a large chunk of pop-

lation can be affected by the COVID-19 disease and thus adding

n to the burden of authorities. In present study, this is the only

ountry from Middle-East which has been taken into consideration.
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Fig. 32. Prediction of new confirmed cases of COVID-19 per day in Spain. 

Fig. 33. Expression trees (ETs) for the modelling of COVID-19 in Spain. 
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Fig. 34. Contribution of predictor variables for COVID-19 in Spain. 

Fig. 35. Experimental versus predicted cases for COVID-19 in Italy using GEP model. 

 

 

 

 

 

 

 

 

a  

s  

d  

b  

u  

u  

e  

t  

r  

a  

w  
A comparison of actual versus predicted cases in terms of CC and

DC is given by Fig. 43 . From the figures, it can be seen that as of

29 May 2020, the total number of positive CC in Turkey is 160,979

whereas DC is 4461 Further it is expected that by 8 June 2020,

the total rise will be 171,502 in CC and for DC, the total count will

be 4647 approximately. The total expected rise in the daily cases

across Turkey is given by Fig. 44 . 

3.11.1. The expression tree based validation 

The ETs in case of Turkey for both CC and DC are given in

Fig. 45 . Based on these, mathematical equations can be derived
nd further predictions can be performed. Each ETs consist of four

ub-ETs for both CC and DC cases and each ET represents in-

ividual aspect of the COVID-19 cases and future modelling can

e done using these facets of the problem. The linkage function

sed for CC is addition whereas for DC, average linkage function is

sed. These linkage functions further prove that prediction mod-

ls for CC and DC follow simple mathematical operations rather

han some complex laboratory based formulations. The time se-

ies pseudo-codes for both CC and DC are given by Algorithm 21

nd Algorithm 22 respectively. Apart from that, a common point

hich is to be kept in mind is that the model has been gener-
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Fig. 36. Prediction of new confirmed cases of COVID-19 per day in Italy. 

Fig. 37. Expression trees (ETs) for the modelling of COVID-19 in Italy. 
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Fig. 38. Contribution of predictor variables for COVID-19 in Italy. 

Fig. 39. Experimental versus predicted cases for COVID-19 in France using GEP model. 
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ated using 65 training records for CC and 58 training instances

for DC. 

3.11.2. Variable importance 

The variable importance for all the prediction variables of GEP

model in case of CC and DC for Turkey are presented in Fig. 46 .

The results are presented as the average reduction in R 2 between

the desired and predicted output values. Here the total number of

prediction variables is 5 for both CC and DC. It can be seen from

the figure, that for CC d 13 prediction variable pose significant im-

portance whereas for DC d 12 and d 13 are the most important vari-

ables. 
.12. GEP Model for IRAN 

Iran is an Asian country with a population of 8.3 million and al-

ost 60% of the population lies in the age group of 30 to 64 years

f age. A total of 10% population is above 65 years of age and is

n a rise from the past few years. As the birth rate in Iran has

ropped significantly over the recent years, it becomes really im-

ortant for the authorities to keep a check on the population and

lso take care of health prospects for elderly people. With the ad-

ent of novel coronavirus, it is really a matter of concern for the

uthorities to keep the countries elder population safe. The virus

s spreading at a rapid rate and by 29 May 2020, 143849 no. of
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Fig. 40. Prediction of new confirmed cases of COVID-19 per day in France. 

Fig. 41. Expression trees (ETs) for the modelling of COVID-19 in France. 
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Fig. 42. Contribution of predictor variables for COVID-19 in France. 

Fig. 43. Experimental versus predicted cases for COVID-19 in Turkey using GEP model. 
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CC and 7627 no. of DC were reported by the Iranian authorities.

From the GEP models in Fig. 47 , it is expected that by 8 June 2020,

the total number of CC will be 160,125 and DC will be 8192 re-

spectively. Apart from this, the expected rise in the total number

of cases per day in Iran is given by Fig. 48 . 

3.12.1. The expression tree based validation 

The ETs for the proposed GEP models is presented in Fig. 49 for

both CC and DC. From the figures, it is evident that the proposed

ETs are consecutively divided into four sub-ETs and each sub-ET

corresponds to the basic psychology and architecture of the COVID-

19 pandemic in Iran. The information thus gained can be used for

chromosomal level evaluation. From, the sub-ETs, it can be seen
hat the linkage function for CC is maximum linkage function and

or DC, minimum linkage function is used. Based on these linkage

unctions, it can be said that the numerical formulations are sim-

le mathematical equation rather than complex laboratory experi-

ents and hence meaningful information can be derived. The time

eries pseudo-codes for the COVID-19 modelling in CC is given by

lgorithm 23 and Algorithm 24 for DC. The models for Iran are

enerated based on 87 training records for CC and 86 training

ecords for DC. 

.12.2. Variable importance 

The prediction variables for Iran is given by Fig. 50 . From the

rediction variable results, it can be seen that for CC, the d 13 vari-
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Fig. 44. Prediction of new confirmed cases of COVID-19 per day in Russia. 

Fig. 45. Expression trees (ETs) for the modelling of COVID-19 in Turkey. 
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Fig. 46. Contribution of predictor variables for COVID-19 in Turkey. 

Fig. 47. Experimental versus predicted cases for COVID-19 in Iran using GEP model. 
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able plays a significant role where as for DC, d 9 is the most impor-

tant parameter. Apart from these parameters, for DC d 11, d 12 and

d 13 also plays significant role in analysing the performance of the

COVID-19 in Iran. Here it should be noted tha the total number of

prediction variables for CC is .... and for DC is .... The final results

are calculated as average reduction in R 2 between the experimen-

tal and actual results. 

3.13. GEP Model for CHINA 

China, the country where the pandemic started, has the worst

effect during the initial days. The country though had the most

number of cases by January itself, has recovered at a rapid pace.
s of 29 May 2020, the total number of CC in China were 84,547

nd a total death count of 4645 cases. The curve is almost stag-

ate from the past 15–20 days and it is expected to decline with

n coming days. From the experimental results presented in Fig. 51 ,

t can bee seen that by 8 June 2020, the total number of CC will

educe to 83,477 and DC will be around 4663. 

.13.1. The expression tree based validation 

The ETs based validation for China is presented in Fig. 52 for

oth CC and DC. It can be seen from the figures that each ET for

oth CC and DC is divided into four sub-ETs or subprograms. These

ubprograms are simple mathematical formulation and meaningful

nformation about the basic architecture and psychology of COVID-
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Fig. 48. Prediction of new confirmed cases of COVID-19 per day in Iran. 

Fig. 49. Expression trees (ETs) for the modelling of COVID-19 in Iran. 
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Fig. 50. Contribution of predictor variables for COVID-19 in Iran. 

Fig. 51. Experimental versus predicted cases for COVID-19 in China using GEP model. 
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19 in China, can be derived. Also, the linkage function used for

CC is division and for DC subtraction linkage function is used. The

pseudo-codes for time series modelling using GEP is presented in

Algorithm 25 for CC and Algorithm 26 for DC. Note that the total

number of training records for GEP model analysis for CC and DC

is 115. 

3.13.2. Variable importance 

The total number of prediction variables for CC and DC is three.

These variables helps in understanding the average reduction in R 2 

between the actual and predicted values. In case of China, the im-

portant predictor variables for CC and DC is d 13. Apart from that

it can also be seen that for CC, the model is highly sensitive to d 5
nd for DC d 1 and d 7 plays significant role. In the next subsection,

EP model for South Africa is presented. 

.14. GEP Model for SOUTH AFRICA 

South Africa is the most affected region of the African conti-

ent. The country with a population of around 6 million, has a to-

al of 6% population above 65 years of age. In presented work, the

EP model for CC and DC for South Africa is presented in Fig. 54 .

s of 29 May 2020, it can be seen that South Africa has a total

f 27,403 CC and 577 DC. From the prediction results presented in

ig. 54 , it can be seen that the CC will be 45,864 and DC will be

160. The expected rise in daily cases in the coming days is South
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Fig. 52. Expression trees (ETs) for the modelling of COVID-19 in China. 

Algorithm 20 Model for DC in France. 

function Result=GEPModel(d) 

G1C4 = 0.872625251869463; 

G2C9 = -283.017677195634; 

G3C4 = 13.9934960336083; 

G3C0 = 123.914053374285; 

y = 0 . 0 ;
y = ((G 1 C4 ∗ d(4)) − (d(10) + d(10))) ;
y = (y + ((d(8) + d(14)) − (d(6) + G 2 C9))) / 2 . 0 ;
y = (y + min (((d(1) + d(11)) / 2 . 0) , (G 3 C4 ∗ G 3 C0))) / 2 . 0 ;
y = (y + ((d(9) + d(14)) − (d(8) − d(14)))) / 2 . 0 ;

Result=y; 

End 

A  

v  

v

3

 

D  

s  

Algorithm 21 Model for CC in Turkey. 

function Result=GEPModel(d) 

G1C1 = 8.64331744285409; 

G2C0 = -1.30621588642728; 

G2C2 = -2404.12579992347; 

G3C6 = 9.93713187047945; 

G3C2 = -1.57217655095065; 

G4C0 = -11.285481791409; 

y = 0 . 0 ;
y = ((d(7) − d(13)) + (G 1 C1 4 )) ;
y = (y + max ((G 2 C0 ∗ d(7)) , (G 2 C2 − d(12)))) / 2 . 0 ;
y = (y + ((G 3 C6 + d(14)) − ((G 3 C2 + d(5)) / 2 . 0))) / 2 . 0 ;
y = (y + ((d(14) + d(14)) − (G 4 C0 + G 4 C0))) / 2 . 0 ;

Result=y; 

End 

e  

f  

a  

l  

t  

f  

H  
frica is given by Fig. 55 . The experimental results are further di-

ided into ETs based validation and importance of each prediction

ariable is presented in the consecutive subsections. 

.14.1. The expression tree based validation 

The ETs for South Africa are presented in Fig. 56 for both CC and

C. From the ETs, it can be seen that each ET is divided into four

ub-ETs or subprograms. The ETs are connected by simple math-
matical linkage functions for extracting meaningful information

rom the GEP models. From the figures, it can be seen that the link-

ge function for CC is average function whereas for DC, subtraction

inkage function has been used. From these sub-ETs, further predic-

ions can be derived. The pseudo-codes for time series prediction

or South Africa are presented in Algorithm 27 and Algorithm 28 .

ere the major point which is to be kept in mind is that the mod-
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Fig. 53. Contribution of predictor variables for COVID-19 in China. 

Fig. 54. Experimental versus predicted cases for COVID-19 in South Africa using GEP model. 
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els are generated based on 71 training records for CC where as for

DC 49 training records have been used. 

3.14.2. Variable importance 

In Case of South Africa also, the prediction variables play a sig-

nificant role. It can be seen from the results in Fig. 57 , that the

total number of prediction variables for CC is 5 and for DC is 6

Based on these prediction variables, it can be said that CC is highly

affected by d 6, d 10 and d 13 variable and DC is affected by d 3 and

d 13 variables. Note that the results obtained for all of these pre-

diction variables are normalized in such a way that their addition

amounts to 1. In the next subsection, a detailed study about the

GEP model for COVID-19 in Singapore is presented. 
.15. GEP Model for SINGAPORE 

Singapore is an island state in maritime Southeast Asia. With

erely 5.7 million population, the country’s elderly population is

ontinuously growing at a rapid rate. At present, almost 13% of the

opulation is above 65 years of age and it is expected that by 2050,

ore than 50% of the population will be above par age. The coun-

ry has a significant effect on the global market and is the most

ro-business country having the third highest per-capita gross do-

estic product (GDP) in the world. As of 29 May 2020, the total

umber of cases in Singapore were 33,249 with a total DC around

3. In present work, GEP model for both CC and DC in Singapore

ave been proposed. From the experimental results in Fig. 58 , it
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Fig. 55. Prediction of new confirmed cases of COVID-19 per day in South Africa. 

Fig. 56. Expression trees (ETs) for the modelling of COVID-19 in South Aftrica. 
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Fig. 57. Contribution of predictor variables for COVID-19 in South Africa. 

Fig. 58. Experimental versus predicted cases for COVID-19 in Singapore using GEP model. 
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can be seen that by 8 June 2020, it is expected that the total num-

ber of CC will rise to 34,218 and DC will be almost the same. 

3.15.1. The expression tree based validation 

The ETs for Singapore are presented in Fig. 59 for both CC and

DC cases. It can be seen from the figures, that the GEP models

are represented as four sub-ETs or subprograms. These sub-ETs

constitute basic architecture of COVID-19 in Singapore and use-

ful information can be derived from the results in order to anal-

yse the effect of coronavirus. From the sub-ETs, it is highlighted

that each mathematical equation can derived using simple formu-

lations for further predictions. The linkage functions for CC is min-

imum where as for DC subtraction linkage function is used. Here
he model is generated based on 113 training records for CC and

otal number of training records for DC is 55. The pseudo-codes

or time series analysis of COVID-19 pandemic in Singapore is pre-

ented in Algorithm 29 and Algorithm 30 for CC and DC respec-

ively. 

.15.2. Variable importance 

The important variables in case of CC and DC for Singapore are

ighlighted in this section. The total number of variables affect-

ng CC are 6 where as the number is 7 for DC. From the results

n Fig. 60 , it can be said that for CC d 13 prediction variable plays

ignificant role whereas for DC d 1, d 9, d 11 and d 13 variable is the

ost important variable. Note that the results in this case are nor-



R. Salgotra, M. Gandomi and A.H. Gandomi / Chaos, Solitons and Fractals 140 (2020) 110118 39 

Fig. 59. Expression trees (ETs) for the modelling of COVID-19 in Singapore. 

m  

a  

a  

t

3

 

f  

i  

1  

w  

c  

s  

b  

1  

f  

(  

g  

s  

s  

t  

f  

i  

a  

m  

[

3

 

t  

i  

H  

D  

r  
alized in such a way that the R 2 values between the predicted

nd the actual cases, amounts to 1. The next subsection details

bout the statistical results for all the countries under considera-

ion. 

.16. Statistical results for all the cases 

The models proposed and calibrated in all the above sections

or all the countries are only acceptable if they pose some signif-

cant results. This study is the only study which is conducted for

5 worst infected countries of the world and comparative analysis

ith respect to other techniques is still not available. Here, statisti-

al results in terms of RMSE and R 2 for all the countries under con-

ideration is presented in Table 3 . From the results in table, it can

e seen that, the R 2 values for almost every case is very close to

 where the worst value for CC corresponds to 0.9962 (China) and

or DC is 0.9896 (China) whereas the best value for CC is 0.9999

for USA, Mexico, Canada, Turkey, UK, Russia, Italy, Iran and Sin-
apore) and DC is 0.9999 (for Turkey and Iran). Overall, it can be

een that the fluctuations for R 2 values in all the countries under

tudy is very little and the value almost lies very close to 1. From

his, it can be said that the proposed GEP models are highly ef-

ective and reliable predictions can be derived from these models

n the near future. Apart from that higher Fitness values further

cknowledge the results. The models thus proposed can be opti-

ized using evolutionary algorithms such as krill herd algorithms

37] , naked mole-rat algorithm [38] and others. 

.17. Prediction for percentage increase in new cases 

This section deals with the prediction estimates of daily rise in

he number of cases. Percentage change of three scenarios includ-

ng, i) CC r 
t pop 

; ii) DC r 
t pop 

and iii) DC r 
CC r 

has been taken into consideration.

ere t pop denotes the total population of that particular country,

C r denotes the number of predicted deaths per day and CC r cor-

esponds to the total number of newly predicted cases per day.
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Fig. 60. Contribution of predictor variables for COVID-19 in Singapore. 

Table 3 

Overall Performance of GEP model for CC and DC across 15 Worst Affected countries of the World. 

USA Canada Mexico Brazil Germany 

CC DC CC DC CC DC CC DC CC DC 

Fitness 0.2099 1.9762 3.3134 11.0918 6.3348 24.8720 0.7498 11.6764 1.2019 23.7021 

R 2 0.9999 0.9997 0.9999 0.9985 0.9999 0.9997 0.9998 0.9998 0.9998 0.9997 

UK Russia Spain Italy France 

Fitness 1.3441 2.1765 0.8895 48.5694 0.6058 4.1590 3.2985 3.9966 1.2110 5.1088 

R 2 0.9999 0.9988 0.9999 0.9997 0.9997 0.9993 0.9999 0.9995 0.9998 0.9997 

Turkey Iran China South Africa Singapore 

Fitness 2.8827 169.8035 3.3181 44.8425 1.2538 8.4510 9.1116 165.0713 10.6079 741.1593 

R 2 0.9999 0.9999 0.9999 0.9999 0.9962 0.9896 0.9997 0.9988 0.9999 0.9965 

Algorithm 22 Model for DC in Turkey. 

function Result=GEPModel(d) 

G1C8 = 321.306009197576; 

G1C6 = 8.87661267977971; 

G2C0 = -2.87287046491592; 

G3C8 = 9.76297218718592; 

G3C7 = 9.89839841100722; 

G4C0 = -23.6402862751538; 

y = 0 . 0 ;
y = ((min (d(2) , G 1 C8) + (d(14) ∗ G 1 C6)) / 2 . 0) ;
y = (y + ((d (12) /d (1)) − ((G 2 C0 + d(13)) / 2 . 0))) / 2 . 0 ;
y = (y + ((G 3 C8 + G 3 C7) − (d(13) − d(14)))) / 2 . 0 ;
y = (y + ((d(14) − d(13)) + (d(14) − G 4 C0))) / 2 . 0 ;

Result=y; 

End 

 

 

 

 

 

 

 

 

Algorithm 23 Model for CC in Iran. 

function Result=GEPModel(d) 

G1C5 = -7.58894751005606; 

G2C7 = -538.93254 856 8292; 

G2C6 = 56.0737467823745; 

G3C4 = 3.29841553441075; 

G4C8 = 86.3923577524317; 

G4C4 = 10.1282678200294; 

y = 0 . 0 ;
y = max (((d(4) + d(14)) / 2 . 0) , (G 1 C5 4 )) ;
y = (y + min ((G 2 C7 − d(8)) , (G 2 C6 − d(9)))) / 2 . 0 ;
y = (y + min ((d (11) /G 3 C4) , (d (14) − d(11)))) / 2 . 0 ;
y = (y + ((G 4 C8 ∗ G 4 C4) + (d(14) + d(14)))) / 2 . 0 ;

Result=y; 

End 

t  

s  

t  

t  

c  

c  

o  

t  
The results are extensively provided in Fig. 61 and Fig. 62 , whereas

more precise details have been added in Table 4 . From the experi-

mental results in Fig. 61 , it can be seen that the maximum percent-

age rise in the number of CC to the total population is expected in

Brazil where as minimum is expected in case of France. In case of

maximum percentage rise in the death cases to the total popula-

tion can be seen in case of USA whereas minimum for the same

scenario is noticed in Singapore. Apart from that percentage of to-
al daily rise in death cases to the confirmed new cases is pre-

ented in Fig. 62 . From the figures, it can be said that Italy has

he maximum expected number of daily deaths and Singapore has

he minimum with respect to the total number of new confirmed

ases for each of these countries. The results are further statisti-

ally shown in Table 4 . If we break down the prediction for each

f these countries in terms of total infections, our model estimates

hat out of every one million people, a daily rise of 4 new CC and
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Fig. 61. Daily Rise in the number of confirmed and Death cases to the total population of the country. 

Fig. 62. Daily Rise in Death count to Daily Rise in Confirmed cases for each Country. 

Algorithm 24 Model for DC in Iran. 

function Result=GEPModel(d) 

G1C6 = 2.99991332383409; 

G2C3 = 11.6693340943297; 

G3C6 = 5.7425950390052; 

G4C8 = -8.53212378167376; 

G4C2 = -6.01210382403629; 

y = 0 . 0 ;
y = min ((d(4) ∗ G 1 C6) , d(14)) ;
y = (y + ((d (13) /d (7)) ∗ (d(12) + G 2 C3))) / 2 . 0 ;
y = (y + min ((d(14) + G 3 C6) , (d(5) ∗ G 3 C6))) / 2 . 0 ;
y = (y + ((G 4 C8 ∗ G 4 C2) + d(14))) / 2 . 0 ;

Result=y; 

End 

2  

2  

1  

i  
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R  
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D  
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Algorithm 25 Model for CC in China. 

function Result=GEPModel(d) 

G1C8 = 120.058454425818; 

G2C2 = 7.0 65091326 63961; 

G3C8 = 1715.30067198394; 

G4C5 = -40.1940787156022; 

G4C7 = 7.35998330937346; 

y = 0 . 0 ;

y = (−gep5 Rt(d(13)) / (G 1 C8 /d(13))) ;
y = (y + ((d(14) + d(14)) + (G 2 C2 − d(13)))) / 2 . 0 ;
y = (y + min ((d(6) + d (6)) , (d (14) + G 3 C8))) / 2 . 0 ;
y = (y + ((d(14) − G 4 C5) + (G 4 C7 5 ))) / 2 . 0 ;

Result=y; 

End 

p  

D  

1  

i  

4  

w  

U  

s  
 DC are expected in Italy, for Spain it is expected to be 6 CC and

 DC, for France it is approximately 3 CC and 1 DC; for Canada it is

9 CC and 2 DC, Mexico has a total of 31 CC to 2 DC, for Germany

t is expected to be 3 CC and negative DC, USA accounts for around

3 CC and 41 DC, UK has an expected rise of 55 CC and 3 DC, in

ussia 47 CC and 1 DC is expected, Brazil has the maximum ex-

ected rise in the number of cases by 138 CC and approximately 5

C, Iran has expected daily rise of 19 CC and negative DC growth,

outh Africa has expected rise of 31 CC to 1 DC, Turkey may ex-
erience around 12 new CC and a negative growth in the total

C and for Singapore it is around 11 new CC and approximately

 DC. Apart from that, the daily rise in the percentage of DC to CC

s maximum for Italy and the value is around 72.06%, Spain has

6.1%, France has a total of 26.17%, Canada lies at the fourth place

ith a percentage of 14.36%, Mexico has 11.3%, Germany has 8.48%,

SA which has the highest number of confirmed cases till date has

omehow managed to keep the percentage at 6.47%, UK has 5.42%,
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Algorithm 26 Model for DC in China. 

function Result=GEPModel(d) 

G1C9 = -0.374811536609409; 

G1C0 = -1096.82278822984; 

G2C2 = 4.34537194952239; 

G2C9 = 8.45712656398903; 

G2C4 = -2.34804387823532; 

G2C0 = 10.8672765719438; 

G3C5 = 3.94796591638828; 

G4C3 = -21.2029077278642; 

G4C7 = 140.255559155579; 

y = 0 . 0 ;
y = ((d(2) ∗ G 1 C9) − (G 1 C0 + G 1 C0)) ;
y = (y + ((G 2 C2 ∗ G 2 C9) ∗ (G 2 C4 ∗ G 2 C0))) / 2 . 0 ;
y = (y + min ((d(14) + d(14)) , (G 3 C5 ∗ d(8)))) / 2 . 0 ;
yy = (y + max ((d(14) + G 4 C3) , (d(2) + G 4 C7))) / 2 . 0 ;

Result=y; 

End 

Algorithm 27 Model for CC in South Africa. 

function Result=GEPModel(d) 

G1C1 = 289.397585031095; 

G1C9 = -0.231681656372923; 

G2C9 = -204.02776227697; 

G3C4 = 903.978127076981; 

G4C5 = -27.5625779576237; 

y = 0 . 0 ;
y = (((G 1 C1 − d(10)) + (d(7) /G 1 C9)) / 2 . 0) ;
y = (y + ((d (11) /d (7)) ∗ (G 2 C9 + d(1)))) / 2 . 0 ;
y = (y + min (max (G 3 C4 , d(11)) , (d(14) + d(14)))) / 2 . 0 ;
y = (y + ((d(14) − G 4 C5) + (d(14) − G 4 C5))) / 2 . 0 ;

Result=y; 

End 

Algorithm 28 Model for DC in South Africa. 

function Result=GEPModel(d) 

G1C2 = -10.0568712186409; 

G2C3 = -13.99827130 686 63; 

G3C5 = -10.50 092324990 05; 

G3C9 = -6.92435987355258; 

G4C4 = -10.2198953639743; 

G4C5 = 9.39292704631204; 

y = 0 . 0 ;
y = ((d(9) − d(7)) + (G 1 C2 + d(14))) ;
y = (y + max ((G 2 C3 + d (11)) , (d (8) − G 2 C3))) / 2 . 0 ;
y = (y + max ((d(14) − d(7)) , (G 3 C5 ∗ G 3 C9))) / 2 . 0 ;
y = (y + ((d(4) + G 4 C4) + (d(14) − G 4 C5))) / 2 . 0 ;

Result=y; 

End 

Algorithm 29 Model for CC in Singapore. 

function Result=GEPModel(d) 

G1C1 = 7.36690853221229; 

G2C2 = -28.134091555673; 

G3C5 = 8.15750694296091; 

G4C7 = 2.45169854073609; 

y = 0 . 0 ;
y = min ((d(13) − d(9)) , (G 1 C1 4 )) ;
y = (y + (((G 2 C2 − d(12)) + d(2)) / 2 . 0)) / 2 . 0 ;
y = (y + min ((d(14) − d(6)) , (G 3 C5 4 ))) / 2 . 0 ;
y = (y + (tanh (G 4 C7) ∗ (d(14) + d(14)))) / 2 . 0 ;

Result=y; 

End 

Algorithm 30 Model for DC in Singapore. 

function Result=GEPModel(d) 

G1C9 = -10.0635625614233; 

G2C5 = 3.7362418292691; 

G2C3 = -3.52712529488829; 

G3C8 = 10.336357323136; 

y = 0 . 0 ;
y = ((d(12) − d(8)) − (G 1 C9 − d(14))) ;
y = (y + (min (((G 2 C3 + d(2)) / 2 . 0) , G 2 C5) 2 )) / 2 . 0 ;
y = (y + min ((d(4) ∗ d(2)) , max (G 3 C8 , d(10)))) / 2 . 0 ;
y = (y + min ((d(8) + d (1)) , min (d (14) , d (14)))) / 2 . 0 ;

Result=y; 

End 

Table 4 

Daily percentage prediction of new cases across 

various countries. 

Percentage of 

CC r 
t pop 

DC r 
t pop 

DC r 
CC r 

Italy 0.00040 0.00029 72.06 

Spain 0.00068 0.00031 46.10 

France 0.00029 7.60E-05 26.17 

Canada 0.0019 0.0002 14.36 

Mexico 0.0031 0.00036 11.30 

Germany 0.00032 2.70E-05 8.48 

USA 0.0063 0.0041 6.47 

UK 0.0055 0.0003 5.42 

Russia 0.0047 1.80E-05 3.89 

Brazil 0.0132 0.0005 3.73 

Iran 0.0047 0.00018 3.45 

South Africa 0.0031 0.0001 3.16 

Turkey 0.0012 2.20E-05 1.58 

Singapore 0.0011 8.50E-07 0.073 
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ussia, Brazil, Iran and South Africa lies close to 3.5%, Turkey has

.58% and the minimum is noticed in case of Singapore which lies

t 0.073. Note that these values are projected by the proposed GEP

odels and fluctuations can be noticed if the new data is readily

vailable. 

. Discussion 

Combining the GEP models for multiple datasets of various

ountries, we found that COVID-19 is transmitting for different

ountries at variable pace. With some countries like China is ex-

ecting to reduce the number of cases to bare minimum, number

f cases in Brazil and USA is escalating at a rapid rate. The ba-

ic projections of daily rise in the CC and DC from the GEP model

hows that the rise varies for each of these countries. The max-

mum rise is in case of Brazil, where it is expected that around

8,822 new daily cases and the highest number of 1358 deaths are

rojected per day in USA. The lowest number of cases is expected

n China where the a negative growth is noticed for the confirmed

ases, but for the death cases, Singapore seems to have the lowest

umber of daily rise in the cases. As of 29 May 2020, the projec-

ion curves of daily cases for next 10 days for most of the coun-

ries, is either logarithmic or an exponential growth curve. But in

ase China, a negative exponential curve for CC is expected. Thus

xpected chances are that there will be no new cases in China in

he coming days. On the other hand, countries such as Brazil and

SA will experience the worst case scenarios and requisite mea-

ures are still to be taken into consideration to control the pan-

emic. The maximum percentage rise in the CC to the total popula-

ion of a country is estimated in Brazil where almost 138 new peo-

le out of one million are getting infected daily and minimum rise
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t  
s seen in France where only 2 out of one million people are being

nfected. For the maximum percentage rise in the DC with respect

o total population, it is expected that out of one million people

aximum change is noticed in USA where at least 41 people are

ying daily and no or minimal change is noticed in case of Ger-

any, Iran and Turkey where no new deaths are projected. These

stimated fluctuations in the number of CC and DC are driven by

he rise in the number of cases in all of these countries under con-

ideration. 

Comparing the prediction models with the actual confirmed

ositive and death cases in all these countries, we found that the

odel predicted almost similar results as reported by WHO till 29

ay 2020. The proposed GEP models are also able to predict the

ore recent rise and slowdown in the number of cases, suggesting

hat the transmission of COVID-19 might have started to decline

r have a negative growth for China and Singapore; almost stag-

ates for Spain, France, Italy and Germany; rising at a slow pace

or Canada, South Africa, Iran and Turkey; and escalating at a rapid

peed for Brazil, Mexico, USA, Russia and UK. The total rise or de-

line in the number of cases for these respective countries, could

e the result of increased detection, surveillance, period of lock-

own, social distancing efforts and other necessary measures taken

y the respective authorities. Though lockdown and social distanc-

ng norms were put forth by the first week of March in almost

very other country but the extent of virus had already reached

or community level transmission and hence is affecting masses at

 larger scale. 

Based on our estimates in some countries such as Singapore,

t can be seen from the model that a few newly introduced cases

o a new location may not necessarily lead to an outbreak. Even

f the number of cases is high, it must take several new instances

or the outbreak to establish. This is because high level individ-

al based variations in pandemic transmission may lead to new

ases and hence can contribute to more fragile chains of transmis-

ion, which is less likely to be noticed. Apart from that in coun-

ries such as USA and Brazil, the COVID-19 is escalating as a com-

unity level transmission agent and hence the number of cases

s increasing at a rapid speed. This factor thus highlights the im-

ortance of rapid identification and isolation of new cases and re-

uirement of respective control measures to restrict the chain of

ransmission. 

There are several advantages of the proposed GEP models. We

ave presented extensive ETs, Algorithms and prediction variables

or all the countries under study. Thus providing detailed under-

tanding on how COVID-19 will behave in the coming days. The

Ts for all the countries, can be used for mathematical formula-

ion of the disease in that particular country. These ETs consist

f potential information about the basic architecture and psychol-

gy of COVID-19 and overall meaningful information can be de-

ived from them. The mathematical equations thus formulated can

e subjected to other evolutionary and swarm intelligence based

lgorithms for further predictions. Also the algorithms proposed

an also be used to estimate future prediction for these countries.

part from these, the prediction variables play a very significant

ole and is required to analyse the importance of each variable in

he model. The models generated based on these formulations, are

imple and meaningful information regarding the possible impact

f COVID-19 in near future can be analysed. As more data is avail-

ble, more possible future estimates can be refined. The results

urther show that substantial variations in COVID-19 transmission

ver time and suggests possible decline in transmission in some

ountries such as China and Singapore, whereas it will continue to

ise at an escalating speed for Brazil and USA. For these countries,

t is very crucial to understand the dynamics of outbreak and ef-

ective control measures to be taken so that the transmission can

e contained and effectively mitigated. 
. Summary of the article 

.1. Background 

With a total of more than 6 million confirmed cases and

0 0,0 0 0 deaths, the coronavirus disease 2019 (COVID-19) has

merged as a novel global pandemic. Understanding the transmis-

ion dynamics of the disease and evaluating the potential effect

n different regions is highly crucial. Designing new mathematical

odels of novel coronavirus 2 with two datasets from 15 most af-

ected countries of the world, it has been estimated, how trans-

ission in these countries varied between January 2020 and May

020. Further future predictions on the rise of the virus in the

oming days till 8 June 2020 has also been presented. Thus from

hese predictions, the potential effect of the virus and its human

o human transmission in various countries has been introduced. 

.2. Methods 

An evolutionary data analytics method called Genetic program-

ing (GP) is implemented in this study. More precisely a robust

ariant of GP termed gene expression modelling (GEP) based time

eries prediction models have been proposed, for total confirmed

ases (CC) and death count (DC) across fifteen most affected coun-

ries of the world. The GEP prediction models are presented as ex-

licit mathematical formulas in the form of expression trees, al-

orithms and importance of prediction variables is also studied.

hese models have been used to how the transmission has varied

ver the past five months and what will be the effect in the com-

ng days. Based on these estimates, the probability of expected rise

n the daily cases has been calculated. The GEP models have been

roposed for two publicly available datasets on the total number of

onfirmed cases and death counts for these countries under study.

he GEP models provide analysis on the total number of cases (ac-

ual versus predicted) from 30 January 2020 till 29 May 2020; and

ime series prediction from 29 May 2020 to 8 June 2020. The coun-

ries have been selected in such a way that at least one coun-

ry has been studied from each continent including countries like

razil and USA (with the highest rate of rise in cases); Singapore

nd South Africa (with average rise in the total number of cases)

nd China (where negative growth is being noticed). 

.3. Findings 

The GEP-based models for CC and DC are built for each of the

5 most affected contires. These model are presented using ex-

licit formula which can be used for further studies of the out-

reak in each of these 15 countries. The developed models esti-

ated that the daily rise in the reproduction rate of COVID-19 in

razil is highest with a total of 28,822 expected new cases per

ay whereas the death toll is highest in USA with around 1358

xpected deaths daily. An overall study shows that the number

f CC to DC for each country is given by USA: 20,972/1358 (con-

rmed cases/death count), Brazil: 28,822/1076, Russia: 6,928/270,

exico: 4,121/466, UK: 3,759/204, Iran: 1,652/57, South Africa:

895/60, Turkey: 1,071/17, Canada: 717/103, Spain: 321/148, Ger-

any: 271/23, Italy: 247/178, France: 191/50, Singapore: 68/0.05

nd a negative growth in both new confirmed cases and total

eaths is estimated in China. The percentage rise in the number

f new CC and DC, is expected to be highest in Brazil where al-

ost 138 out of every one million people are getting infected daily

hereas the maximum deaths are expected in USA where at least

1 out of infected persons are dying everyday and the trend is ex-

ected to continue in the coming days. Based on our estimates, in-

roduction of a few new cases daily does not account for a commu-
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nity level transmission of infection but the addition of thousands

of new cases can lead to a disastrous situation in any country. 

5.4. Interpretation 

Our results show that COVID-19 transmission is declining in

China since late March 2020; in case of Singapore, France, Italy,

Germany and Spain it is stagnating; Canada, Turkey, South Africa

and Iran have slow rise in the daily number of cases; and in UK,

Mexico, Russia, USA and Brazil, the cases are escalating at a rapid

pace as of 29 May 2020. As more new cases arrive in these loca-

tions, it becomes very necessary for the authorities to adopt cer-

tain control measures to stop the chains of transmission, failing to

establish such measures might lead to new outbreaks and the virus

may never go from the lives of common masses. 

6. Conclusion 

This article deals with the analysis and prediction of COVID-19

in 15 worst affected countries of the world in terms of both con-

firmed cases and death count in the respective country. Here new

accurate and empirical GEP based models have been designed to

predict the total number of CC and DC across 15 countries. The

proposed models used raw data from the daily situation reports

published by WHO since 30 January 2020. Based on the above pro-

posed models, following major conclusions have been drawn: 

• The proposed GEP models for both CC and DC for all the coun-

tries under consideration are highly reliable and provide almost

accurate results with respect to the actual data. They also sat-

isfy the inherent conditions of external validation and provide

better predictions for future as well. 
• Based on the ETs, it can be said that the models have max-

imum 4 to 5 sub-ETs and are very simple in structure. Thus

basic numerical equations can be designed from them without

the requirement of any time consuming laboratory based im-

plementations. Further, these numerical equations can be op-

timized using different evolutionary and swarm intelligent ap-

proaches. 
• The importance of prediction variables is also very significant

in the proposed models and it has been found that in most of

the cases, one or two variables pose any significant effect while

others seems to be irrelevant. 
• The statistical results for all the cases verify that the RMSE and

R 2 for all the cases is above acceptable level, having higher val-

ues of RMSE and R 2 close to 1. Thus validating the superior per-

formance of the proposed GEP models. 
• Apart from these results, it can be said that when the total ex-

perimental data is limited and the neural network models fail

to provide reliable results, the GEP based models have higher

accuracy and simple implementation to provide reliable time

series analysis. 
• The overall advantage of these GEP models is that they can be

represented using simple mathematical formula, which can be

used for explicit study of the outbreak in each of these coun-

tries. 

From the above conclusions, it is evident that GEP based mod-

els are highly reliable and can be considered as benchmarks for

time series analysis when the total number of cases is limited. The

major drawback of this kind of modelling is that when the total

number of instances increase many fold, it is not able to predict

reliable results. In those cases, prediction equations formulated us-

ing GEP modelling are subjected to higher level evolutionary and

swarm intelligent algorithms such as naked mole-rat algorithm,

krill herd algorithm and others and reliable conclusions are drawn.

Apart from that, the analysis based on GEP modelling can help in
eciding the total requirement of lock down, social distancing, and

ther safety measures that need to be followed to keep the virus

nder check. 
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