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Abstract: Background: COVID-19 outbreak was first reported in Wuhan, China. In India, COVID-19 
has 101139 laboratory-confirmed, 42,309 recovered and 3,163 deaths as on 19 May 2020. The study 
is conducted to select the best fit model for cumulative fatality rate due to COVID -19 in India from 
first death day to 19 May, 2020 and the predicted amount of cumulative fatality rate with respect to 
time is also presented. A comparison of different countries (where there are 50000+ cases registered 
by 19 May, 2020) has been prepared towards the average of cumulative fatality rate and average of 
cumulative recovery per death. Method: The goodness-of-fit tests: Kolmogorov-Smirnov test, 
Anderson-Darling test, Root Mean Square Error, and Coefficient of Determination are considered to 
select the best fit model for cumulative fatality rate. The probability distribution models which are 
frequently used in survival/death analysis are considered in the study. Results: On the behalf of the 
result of goodness-of-fit test, it is found that extreme value distribution model is selected as a best fit 
model on cumulative fatality rate due to COVID-19 in India. Conclusion: The average of cumulative 
fatality rate in United Kingdom is the highest and Russia has lowest. In terms of average of cumulative 
recovery per death, United Kingdom stands in the bottom and China is performing best. According to 
best fit model, the maximum value of cumulative fatality rate due to COVID-19 in India has been 
predicted as 4.2 and it is also predicting that the predicted value of cumulative fatality rate would be 
greater than 3.61, 3.65 and 3.7 after the 50, 80 and 110 days respectively. 

Keywords: Covid-19, Probability distributions; Fatality rate; Goodness of fit test. 

1. Introduction  

COVID-19 is transferable virus which roots severe breathing problem. Its scientific name is Severe 
Acute Respiratory Syndrome Coronavirus-2 (SARS-CoV-2), which came in to existence in the world 
from mid-November, 2019 with its first reported case in Wuhan, China [1,2,3]. After this ongoing 
outbreak which has spread to all over world, WHO declares this as a Public Health Emergency of 
International Concern (PHEIC) on 30 January 2020 and a pandemic on 11th march 2020 [4,5]. This 
corona virus disease is named as COVID-19 in a report of WHO dated 11th  February 2020. A rising 
infectious due to COVID-19 involves fast spreading, endangering the health of large numbers of 
people, which requires immediate action to prevent the disease at the community level. 

The World is facing a tough corner due to COVID-19 with more than 47.50 million confirmed cases 
of infection and more than 3.17 Million confirmed deaths, as of 19th May 2020 in 209 countries and 
territories. On the other hand more than 18.25 million people have reportedly recovered from this 
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disease till mentioned date. In total no cases of COVID-19 around the world the United States is 
covering approximate 30% cases itself i.e. highest no of cases (1508598)  with  first rank and Lesotho 
country in Southern Africa stands at last place as only one case has been reported till the study date 
[6](i.e. 19 May 2020).   

 In Indian perspective the first case of the COVID-19 reported on 30 January 2020, as a student 
returning from Wuhan, China where the virus originated. A total of 101139, cases, 42309 recoveries 
and 3,163 deaths in the country have been confirmed on 19th May 2020 [6]. India holds the fourth 
place in largest number of confirmed cases in Asia .  Out of the total cases of COVID-19 around half 
of all reported cases was covered only by the five metro-cities, 
Mumbai, Delhi, Ahmedabad, Chennai and Pune of the country but  as a majority of the confirmed 
cases were linked to other countries. According to a report of Oxford COVID-19 Government 
Response Tracker (OxCGRT) [7] which is based on data from 73 countries, it has been found that the 
Indian Government has responded stringently than other countries in tackling this pandemic. 

Mathematical and Statistical analysis are in today need to develop some probabilistic models for the 
prediction of various infectious diseases as well as to predict the development trend of the virus 
infections.  Many authors have contributed in this regard using some statistical models like, SEIR 
epidemic model, logistic model, bertalanffy model, gompertz model general linear model, poisson 
model and generalized logistic model [8,9,10,11].  

The goodness-of-fit is the process to analyze the pattern and models fitting of a dataset, which plays a 
commendable role in statistical analysis. The methods of goodness-of-fit the Anderson–Darling test, 
the coefficient of determination test, Akaike information criterion (AIC) and Bayesian information 
criterion (BIC) play an essential role to select the best fit model [12,13]. A lot of works have been 
carried out by various authors in this area: the proportion of unreported accidents to develop a trace 
accident model and the serial interval of pandemic COVID-19 dataset have been estimated using 
different types of distributions like log normal, gamma, beta, and weibull distributions [14,15,16].  

Death is the harshest reality of human race which is beyond comprehension. It can be happened due 
to in general or some infections or serious pandemic. However, one can estimate all mortality 
estimators like death rate, survival rate etc. using vital statistics and census data. But COVID-19 
pandemic  data is rarely available in natural disaster scenario or where mass displacement has taken 
place. This data unavailability is more peculiar for developing countries. The case, however, is 
different in the scenario of COVID-19 where the fatality rate is proceeding on a large scale. Fatality 
rate is measured for a particular population as the number of deaths per thousand individuals per year 
in a particular population. It  is typically expressed in units of deaths. The epidemiologists use few 
ways of estimation to predict mortality. Some authors also presented their study on mortality dataset 
for ex.  fitting of survival data using gompatrz, weibull and logistic function, and extreme value 
analysis of advanced age mortality data [17,18].  

The study focuses on three important issues. 

 To compare the different countries towards the average of cumulative fatality rate and average 
of cumulative recovery per death. 

 To select the best fit model for cumulative fatality rate due to COVID-19 in India for the period 
from first death day to 19 May, 2020. 

 To predict the maximum amount of cumulative fatality rate due to virus in India using best 
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fitted model and also predict the cumulative fatality rate with respect to days. 

2. Materials and Method 

The study of frequency investigation is most important to obtain the utmost fitted model that could 
anticipate extreme event of any epidemic phenomena for ex. death, recovery etc.. In this section, data 
and study area of study, the probability distribution models which are frequently used in survival/death 
analysis are discussed, the procedure of goodness-of-fit to select best fit model, procedure to find 
cumulative fatality rate of different countries and also cumulative recovery per death are presented 
too. A predictive approach to estimate the maximum amount of cumulative fatality rate due to COVID-
19 in India also has been mentioned. 

2.1. Data and study area  

In this study, the countries where there are more than 50,000 infected cases have been reported due to 
COVID-19 till 19th May 2020, are considered to compare their average of cumulative fatality rate and 
their average of cumulative recovery per death. According to this criterion, 17 countries are taking into 
consideration: United Kingdom, France, Belgium, Italy, Iran, Spain, Maxico, Brazil, United States, 
China, Canada, India, Peru, Germany, Turkey, Saudi Arabia, and Russia. 

The data on cumulative fatality rate in India, which occurred due to COVID-19 virus for the period 
from the first death day to 19th May, 2020, are considered to select the best fit model. The data of 
cumulative fatality rate and cumulative recovery per death has been obtained using the equation (21) 
and (22) respectively.  

2.2. Commonly used probability distributions 

The probability distribution models which are discussed below, are taking into consideration to select 
the best fit model for fatality rate due to COVID-19 in India. The estimation of parameters of the 
considered models is obtained using the method of maximum likelihood. For obtaining the values of 
parameters, the mean X  and standard deviation   are obtained using the following equations. 

                            
1

1 n

i
i

X X
n 

                              (1) 

                             
2

1

1 n

i
i

X X
n




                                   (2) 

In the given probability distribution model,  XF x and 𝑓௑(𝑥) represent cumulative distribution 

function (CDF) and probability density function (PDF) of a random variable 𝑋 repectively. 

2.2.1.  Normal distribution 

Normal distribution is the one of the most commonly found distribution in the real world, 
for a random variable X, cumulative distribution function and probability density function 
of the distribution are given in equation (3) and (4) respectively. 
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The parameters µ and θ represent the mean and the standard deviation respectively. 

2.2.2.  Log-normal distribution 

The distribution of exponential function of a normally distributed random variable is 
defined as lognormal distribution. Lognormal distribution has been extensively used in 
reliability, survival and stock prices analysis. The two-parameter lognormal distribution of 
a continuous random variable has the following Cumulative probability distribution and 
probability density function: 
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where, µ is the location parameter and   is the shape parameter.  

2.2.3.  Birnbaum-saunders distribution 

 This distribution introduced by Z. W. Birnbaum S. C. Saunders in 1969, is a continuous 
lifetime probability distribution. This distribution is extensively used in reliability studies. It has 
been used to model failure times and failures due to cracks. The Birnbaum-Saunders distribution has 
been extensively used for modeling in several fields namely medical sciences, engineering and 
biomedicine. The cumulative distribution and probability density function are giving in equation (7) 
and (8) respectively. 
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Here,   and   are shape and scale parameters respectively. 

2.2.4.  Logistic distribution 

This distribution with similar shape to the normal distribution belongs to the family of 
continuous distributions. The distribution is mainly used in logistics regression, modelling 
growth, survival and reliability analysis. 

The cumulative distribution and probability density function are: 
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where   and   are location and scale parameters respectively. 

 

2.2.5.  Log-logistic distribution 

Log-logistic distribution is a continuous probability distribution for a positive random 
variable whose logarithm has a logistic distribution. It is used in survival analysis, 
hydrology to model stream ow and precipitation, economics etc.. Equations (11) and (12) 
represent the cumulative distribution and probability density function respectively. 
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where   and   are scale and shape parameters respectively 

2.2.6.  Weibull distribution 

Weibull distribution is used to describe various types of observed failures of components 
and phenomena. They are widely used in reliability and survival analysis. The cumulative 
distribution and probability density function of the two parameter Weibull distribution are: 
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where  is the scale parameter and a  is the shape parameter. 

2.2.7.  Extreme value distribution 
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The distribution often referred to as the Extreme Value Distribution (Type I) is the limiting 
distribution of the minimum of a large number of unbounded identically distributed random 
variables. The probability density function and cumulative distribution function are given 
by: 
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where   is the scale parameter and   is the location parameter. 

2.3. Goodness-of-fit test 

For checking the validity of a specified probability distribution, goodness-of-fit test statistic has been 
used. In procedure of statistical testing, there are so many test are available for checking the normality 
of the data. One of the most well-known tests, Empirical Distribution Function (EDF) test is used to 
serve this purpose. EDF presents the discrepancy between the empirical and theoretical distributions 
[19]. The Kolmogorov-Smirnov (K-S) test, the Anderson-Darling test and the Cramer Von-Mises test, 
these three most common methods are used under EDF test [20, 21]. The K-S test and the A-D tests 
have been applied to obtain the best fitting model on fatality rate dataset. The root mean square error 
(RMSE) and Coefficient of determination (R2) are also used to assess the best fit model. A graphical 
method is also presented to demonstrate the result.  

2.3.1. Kolmogorov-smirnov (K-S) test 

The K-S test provides the maximum vertical difference between empirical distribution function and 
theoretical distribution function [22]. The K-S test is established to compare the empirical distribution 
function  nF x  and theoretical distribution function  F x . It provides the maximum distance between  

 nF x  and  F x . The empirical distribution function  nF x  for n  independently and identically 

distributed observations iX  is defined as 
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Where xI
iX   is the indicator function, equal to 1 if xI

iX  , otherwise 0. 

The K-S test for a given cumulative distribution function )(xF  is: 

   xFxFSupD nn                        (18) 

2.3.2. Anderson-darling (A-D) test 

The Anderson-Darling test was introduced by Anderson and Darling [23]. The A-D test is also one of 
the most suitable procedures, which is used to select the best fit model. The A-D test is expressed as 
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Where, )( iX xF  is the cumulative distribution function of proposed distribution model at ix ; 

ni ,.....2,1 . 

2.3.3. Root mean square error (RMSE) 

Root mean square error plays an essential role in goodness-of-fit. It is also known as fit standard error 
and error of the regression. The RMSE can be defined as: 

                 RMSE=  
2
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where ix  denotes the estimated value and X  denotes the observed value. 

2.3.4. The coefficient of determination ( 2R ) 

The coefficient of determination, expressed 2R  is used in procedure of testing of hypothesis and infer 
about the goodness-of-fit of a model. 2R , is generally in the range between 0 and 1. 1 indicates that 
the regression predictions perfectly fit the data. 

2.4. Cumulative fatality rate (CFR) and cumulative recovery per death 

If total number of cumulative deaths per day, cumulative infected cases per day, and cumulative 
recovery per day are denoted by Dt, It, and Rt respectively. The cumulative fatality rate (𝜇௧) and 
cumulative recovery per death (δ௧) are shown by equation (21) and (22) respectively.     
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2.5. A predictive approach 

2.5.1. A cumulative distribution function using best fit model on the cumulative fatality rate due to 
COVID-19 in India is obtained to predict the maximum value of cumulative fatality rate.  

2.5.2. If a random variable X is greater than or equal to an event of magnitude 𝑥் , happened once in 
T days, The probability of happening this event in a given time T is as follows [24] 
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3. Results and discussion 
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The objectives of this study are to compare the different countries towards the average of cumulative 
fatality rate and average of cumulative recovery per death, to select the best fit model for cumulative 
fatality rate due to COVID-19 in India from first death day to 19 May, 2020 and to predict the 
maximum amount of cumulative fatality rate due to virus in India using best fitted model.  

It has been observed that the cumulative fatality rate showing the continuous change in death rate as 
the number of day increases for existence of COVID-19 in India. The changes in cumulative fatality 
rate due to COVID-19 in India are picturized in figure 1. Form this Figure it can be observed that the 
cumulative fatality rate is changing rapidly from the first death day to 09th April, 2020 in a range of 
1.333333 to 2.895012. From onward 10th April, 2020 cumulative fatality rate is fluctuating about a 
particular value with a range of 3.103556 to 3.429,775. It is also noticed that the deviation of the second 
phase (on and after 10th April) is lesser than the deviation of the first phase (before 10th April). The 
average of cumulative fatality rate of second phase is found to be 3.241515. It shows that from the last 
40 days CFR is fluctuating around 3.241515. 

Figure 1. Graphic display of cumulative fatality rate from 1st day to 19th May 2020 in India.  

   

3.1. Comparison towards average of cumulative fatality rate and average of cumulative recovery 
per death 

Here comparison the average of cumulative fatality rate which is the average of ratio of cumulative 
death by the total cumulative number of people diagnosed with the COVID-19 of various countries is 
presented in Figure 2. In this Figure, it can be seen that average of cumulative fatality rate in United 
Kingdom with 11.07921 is the highest and lowest average of cumulative fatality rate is in Russia with 
0.83527. India is ranked 12th and seem to performing better than USA, China and other 11 countries 
with average of cumulative fatality rate of 2.82005. 
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Figure 2. Comparison of various countries on Average of Cumulative Fatality Rate 

 

While Looking at average of cumulative recovery per death which is the average of number of 
recovered cases per at the time of per death seen. From Figure 3, it can be seen that United Kingdom 
stands in the bottom with 1.06429 which is shocking and alarming as well. India's rate does not 
showcase a good rate i.e. 19.29292 which brings it to 14th position whereas China has presented a good 
performance being the best in terms of recovery with the average of recovery per death being 64.14031. 

 

Figure 3. Comparison of various countries on Average of Cumulative Recovery per Death 
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3.2. Selecting the best-fit results 

Estimation of parameters of considered probability distribution models is needed to assess the result 
of goodness-of-fit test statistic on cumulative fatality rate. Method of maximum likelihood estimator 
is used to estimate the parameters of the models. The result of mean(𝑋ത) , standard deviation (σ), 
estimated values of parameters along with their standard error, and variance covariance matrix of the 
parameters with respect to the probability distribution model has been presented in table 1. 

Table 1. Estimated value of the parameters of the considered distributions using death rate data on 
COVID-19 in India 

Model Mean (𝑋ത) and 
SD (𝜎) 

Parameter S.E. Variance Covariance Matrix 

 

 

Extreme Value 

 

 

𝑋ത = 3.07422 

𝜎 = 0.622283 

 

 

  = 3.07422 

 = 0.387236 

 

 

 =0.0490253 

 =0.0409801 

                        

    0.00240348      -0.000577085 

    -0.000577085    0.00167937 

 

Logistic 

 

𝑋ത =2.90237 

𝜎 =0.596719 

 

 = 2.90237 

  = 0.328989 

 

 =0.0705996 

 = 0.0331573  

                        

    0.0049843       -0.000335915 

    -0.000335915     0.0010994 

 

 

Log Logistic 

 

 

𝑋ത = 2.93978 

𝜎 = 0.710446 

 

 

  = 1.0509 

 = 0.128797 

 

 

  = 0.027182 

 = 0.0132244 

                     

   0.000738861      -5.44104e-05 

    -5.44104e-05      0.000174885 

 

Normal 

 

𝑋ത = 2.82005 

𝜎 =0.581661 

 

µ = 2.82005 

 = 0.581661 

 

µ = 0.0705368 

 = 0.0504364 

         µ                 

µ   0.00497544      -3.62996e-18 

      -3.62996e-18      0.00254383 

 

Weibull 

 

𝑋ത = 2.83745 

𝜎 = 0.495393 

 

 = 3.03987 

a = 6.7165 

 

 = 0.0570667 

a  = 0.720602 

                  a  

     0.00325661        0.0112603 

  a    0.0112603         0.519267 

 

Log Normal 

 

 

𝑋ത = 2.83007 

𝜎 = 0.697230 

 

µ = 1.01084 

 = 0.242744 

 

µ = 0.0294371 

 = 0.0210486 

   µ                  

   µ   0.000866541      6.79948e-20 

       6.79948e-20      0.000443044 

                         
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Birnbaum-Saunders 

 

𝑋ത = 2.81985 

𝜎 = 0.691110 

  = 2.73867 

 = 0.243491 

 = 0.0802655 

 =0.0208792 

       0.00644256       -7.02448e-07 

      -7.02448e-07      0.000435941 

 

The obtained results of goodness-of-fit test statistic K-S test, coefficient of determination (R2), root 
mean square error (RMSE), and A-D test under the seven considered distribution models have been 
exposed in table 2. The best fit result is taken as the smallest goodness-of-fit result among all the 
considered probability distribution models. It is observed that four goodness-of-fit tests produced 
different types of distribution models as a best fit; therefore, a ranking system is used to select the best 
fit model [24]. In this system, all results of goodness-of-fit tests are ranked for every probability 
distribution model, as rank 1 being the best, 2 the second best and so on. A probability distribution 
model is selected as the best fit model if it has the lowest sum of the four rankings. The rankings for 
the results are presented in table 3. On the basis of the ranking system, it has been observed that extreme 
value distribution model and logistic distribution model have the same lowest sum of rankings. (i.e. a 
tie between both the models). Therefore, two more tests of goodness-of-fit is taken into consideration 
to select the best fit model from extreme value distribution and logistic distribution, named Akaike 
information criterion (AIC) and Bayesian information criterion (BIC). These tests are also used to 
select the best fit model [25, 26]. A smallest value of the AIC and BIC are taken as a best fit model. 

The results of AIC and BIC for extreme value distribution are100.2404 and 104.6794 respectively and 
that for logistic distribution are 123.4158 and 127.8548 respectively. It has been observed that extreme 
value distribution model has lesser result of AIC and BIC than logistic distribution model. Hence 
extreme value distribution is considered as a best fit model on cumulative fatality rate due to COVID-
19 in India, while the logistic and log logistic distribution models are considered the second and third 
amount of best fit model respectively on the cumulative fatality rate. 

Table 2. Statistical results and best fit results of the death rate data due to COVID-19 in India  

Model K-S R2  RMSE A-D 

Extreme Value 0.2334923 0.8936727 0.1070618 4.2361 

Logistic 0.2218186 0.8770564 0.1049617 4.301 

Log Logistic 0.2269098 0.8591083 0.1084625 4.7304 

Normal 0.2605446 0.8622518 0.1107778 4.5748 

Weibull 0.2567092 0.8793352 0.1119165 4.7544 

Log Normal 0.2654797 0.823231 0.1178861 5.2803 

Birnbaum-Saunders 0.2699081 0.8190368 0.1195523 5.4162 
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Table 3. Statistical results and best fit results of the death rate data on COVID-19 in India 

Models K-S R2 RMSE A-D 

Extreme Value 3 1 2 1 

Logistic 1 3 1 2 

Log Logistic 2 5 3 4 

Normal 5 4 4 3 

Weibull 4 2 5 5 

Log Normal 6 6 6 6 

Birnbaum-Saunders 7 7 7 7 

 

To see the goodness-of-fit, the fitted cumulative probability function verses empirical distribution 
function of considered probability distribution models on cumulative fatality rate have been displayed 
in Figure 4.1 to 4.7. However, to see the goodness-of-fit not only graphical display but numerical 
results are also important.  

  

    Figure 4.1                        Figure 4.2 
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     Figure 4.3                      Figure 4.4 

 



 
 
 
Frontiers in Health Informatics ISSN-Online: 
2676-7104  

www.healthinformaticsjournal.com 

2024; Vol 13: Issue 3   Open Access 
 

5937 
 

  

      Figure 4.5                      Figure 4.6 
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       Figure 4.7 

3.3. Predictive approach 

Figure 5 display the cumulative probability plot of uppermost three best fitted models on cumulative 
fatality rate (i.e. extreme value distribution model, logistic distribution model and log logistics 
distribution model). Form figure 5, It can be seen that the cumulative probability plot of extreme value 
distribution model touches the certainty with the cumulative fatality rate of 4.2. It represents that the 
maximum amount of cumulative fatality rate due to COVID-19 in India has been predicted as 4.2. The 
maximum value of cumulative fatality rate has also been predicted as 6.2 and 10.2 in case of logistic 
and log logistic distribution models. 

A prediction of cumulative fatality rate with respect to number of days has been displayed in figure 6. 
For extreme value distribution model, it has been observed that the values of cumulative fatality rate 
would be greater than 3.61, 3.65 and 3.7 after the 50, 80 and 110 days respectively. Similarly the 
amount of cumulative fatality rate would be greater than 4.34 and 4.44 after the 80 and 110 days 
respectively in case of logistic distribution model, while in case of log logistic distribution model, it 
would be greater than 5.02 and 5.24 after the same period respectively. 
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 Figure 5. Predicted death rate using best fitted distribution 
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                     Figure 6. Predicted death rate using best fitted distribution 

4. Conclusions 

The study has been conducted on cumulative fatality rate and cumulative recovery per death due to 
COVID-19. To achieve the objectives of the study, the dataset have been analyzed with the help of 
goodness-of-fit tests and Graphical demonstration. 

In terms of comparing of average of cumulative fatality rate of different countries it has been observed 
that from Figure 1, average of cumulative fatality rate of United Kingdom is highest with 11.07921 
and lowest has been recorded for Russia with 0.83527. India is ranked 12th and seem to performing 
better than USA, China and other 11 countries with average of cumulative fatality rate of 2.82005. 

Towards the average of cumulative recovery per death, it is observed that United Kingdom stands in 
the bottom with 1.06429 which is shocking and alarming as well. India's rate does not showcase a good 
rate i.e. 19.29292 which brings it to 14th position whereas China is performing best with 64.14031. 

On the basis of goodness-of-fit tests, it has been concluded that extreme value distribution model is 
selected as a best fit model on cumulative fatality rate due to COVID-19 in India. According to this 
best fit model, the maximum value of cumulative fatality rate due to COVID-19 in India has been 
predicted as 4.2. 

A prediction of cumulative fatality rate with respect to number of days has also been presented. The 
predicted value of cumulative fatality rate due. to virus in India would be greater than 3.61, 3.65 and 
3.7 after the 50, 80 and 110 days respectively if cumulative fatality rate follows the extreme value 
distribution model. 
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