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Abstract This paper demonstrates the analysis of Markov Chain Monte Carlo (MCMC) method to estimate the 

parameters of Lomax model. In order to obtain Bayes estimates of parameters for the Lomax model  using 

MCMC simulation method in OpenBUGS, independent informative set of priors (gamma distribution) for 

Lomax parameters are assumed to obtain samples from the posterior density function. Additively through this 

research it is established that computational MCMC technique can be effortlessly put into practice. Applying  

MCMC simulation to estimate parameters of Lomax is elaborated. A real data set is considered to illustrate the 

methods of inference discussed in this paper.    

The results showed that, the MCMC method have proven more effective vis-a`-vis the usual methods of 

estimation and the proposed methodology is suitable for empirical modeling. 
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1. Introduction 

The Lomax distribution, also called "Pareto type II" distribution is a particular case of the generalized Pareto 

distribution (GPD). The Lomax distribution has been used in literature in a number of ways. For example, it has 

been extensively used for reliability modelling and life testing, see Balkema and de Haan [7]. Lomax 

distribution includes increasing and decreasing hazard rates as well. Also, it has been shown to be useful for 

modeling and analyzing the life time data in medical and biological sciences, engineering, etc. Also, it has been 

studied, from a Bayesian point of view, by many authors, see e.g. Arnold et al. [6] and Mohie et al. [24]. 

Howlader and Hossain [15] presented Bayesian estimation of the survival function of the Lomax distribution. 

Ghitany et al.[12] considered Marshal-Olkin approach and extended Lomax distribution. Dubey [11] showed 

that Lomax distribution can be derived as a special case of a particular compound gamma distribution. Bryson  

[8] argued that Lomax distribution provide a very good alternative to common lifetime distributions like 

exponential, Weibull, or gamma distributions where the experimenter presumes that the population distribution 

may be heavy-tailed. 

It has received the greatest attention from theoretical and applied statisticians primarily due to its use in 

reliability and life testing studies (see, Hassan and Al-Ghamdi [14], Mohie El-Din et al. [24], Al-Zahrani and 

Al-Sobhi [4], Mahmoud et al. [23] and Arnold [5]). Many statistical methods have been developed for this 

distribution, for a review of Lomax distribution, see Habibullh and Ahsanullah [13], Upadhyay and Peshwani 

[29] and AbdEllah [1, 2].  

Agreat deal of research has been done on estimating the parameters of Lomax distribution using both classical 

and Bayesian techniques. 
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In this paper, the authors attempt to employ the Lomax distribution for modeling the software reliability data 

and obtaining the ML estimates with associated probability intervals. The Bayes estimation of the Lomax model 

is considered, when both parameters are unknown. It is observed that the Bayes estimates cannot be computed 

explicitly under the assumption of independent and gamma priors for the parameters.  

The authors developed the procedure to generate MCMC samples from the posterior density function using 

Gibbs sampling technique in OpenBUGS. Through the develop procedure the Bayes estimates of the unknown 

parameters and highest posterior density credible intervals can also be constructed.  Moreover, it can also 

estimate the reliability function. All statistical computations and functions for Lomax were built using R 

statistical software see, [3, 17-18, 21-22, 26-28]. Real set of data has been considered, in order to demonstrate 

how the proposed method can be used in practice for software reliability data. 

 

2. Lomax Model  

2.1. Probability density function(PDF) 

The two-parameter Lomax model has the probability density function 

 𝑓 𝑥;  𝛼, 𝜆 = 𝜆𝛼(1 + 𝜆𝑥)−(𝛼+1),     𝛼 > 0,   𝜆 > 0, 𝑥 ≥ 0,                                           (1) 

where 𝛼 and 𝜆 are the shape and scale parameters, respectively.The probability density function with  two-

parameter of Lomax model will be denoted by Lomax (𝛼, 𝜆). 

Some of the typical Lomax (𝛼, 𝜆) density functions for different values of 𝛼 and for 𝜆= 1 are depicted in Figure 

1. 

 
Figure 1: The PDF of Lomax  model for 𝜆=1 with  different values of 𝛼 

From the above graph, it can be seen clearly that the density function of the Lomax model can take on different 

shapes. 

 

2.2. Cumulative density function (CDF) 

The distribution function of the Lomax (𝛼, 𝜆) model with two parameters is given by 

𝐹 𝑥;  𝛼, 𝜆 = 1 − (1 + 𝜆𝑥)−𝛼 ,     𝛼 > 0,   𝜆 > 0, 𝑥 ≥ 0,                                     (2) 

this distribution is also called Pareto of Type II distribution.  

 

2.3 The Reliability function  

The reliability (survival) function of Lomax model is  

𝑅 𝑥;  𝛼, 𝜆 = (1 + 𝜆𝑥)−𝛼 ,     𝛼 > 0,   𝜆 > 0, 𝑥 ≥ 0.                                            (3) 

 

2.4 The Hazard rate function  

The hazard rate function of Lomax model is  

ℎ 𝑥;  𝛼, 𝜆 =
𝜆𝛼

1+𝜆𝑥
.                                                                                                 (4) 
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Figure 2: The hazard function of Lomax model for 𝝀 = 𝟏 with different values of 𝜶 

It has been graphed in Figure 2 for scale parameter 𝜆, when 𝜆 =1 with different values of the shape parameter 𝛼. 

The hazard rate function is a decreasing function.   

 

2.5. The Cumulative hazard function  

The cumulative hazard function H(x) of  Lomax model defined as 

𝐻 𝑥 = −𝑙𝑜𝑔𝑅 𝑥 .                                                                                                 (5) 

 

2.6The Failure rate average (FRA) and conditional survival function (CSF)  

Two other relevant functions useful in reliability analysis are failure rate average (FRA) and conditional survival 

function (CSF).  The failure rate average of X is given by  

𝐹𝑅𝐴 𝑥 =
𝐻(𝑥)

𝑥
=

 ℎ 𝑥 𝑑𝑥
𝑥

0

𝑥
,     𝑥 > 0,                                                                    (6) 

where H(𝑥) is the cumulative hazard function.  

An analysis for FRA(𝑥) on 𝑥 permits to obtain the IFRA (increasing failure rate average) and DFRA (decreasing 

failure rate average)  classes. The survival function (SF) and the conditional survival of X are defined 

respectively, by  

𝑅 𝑥 = 1 − 𝐹 𝑥 , 

and 

𝑃(𝑋 > 𝑥 + 𝑡 𝑋 > 𝑡) =  𝑅(𝑥 𝑡) = 𝑅 𝑥+𝑡 

𝑅 𝑥 
,   𝑡 > 0, 𝑥 > 0, 𝑅 .  > 0,                             (7) 

where F(𝑥) is the CDF of 𝑥. Similarly with h(𝑥) and FRA(x), the distribution of 𝑥 belongs to the new better than 

used (NBU), exponential, or new worse than used (NWU) classes, when R (𝑥| t) < R(𝑥), R(𝑥|t) = R(𝑥), or R(𝑥| t) 

> R(𝑥), respectively.  

 

2.7. The Quantile function  

The quantile function of Lomax model is given by  

𝑥𝑞 =
 1−𝑞 

−
1
𝛼−1

𝜆
,    0 < 𝑞 < 1.                                                                           (8) 

 

2.8. The random deviate generation function 

Let U be the uniform (0,1) random variable and F(.) a CDF for which F
-1

(.) exists. Then 

F
-1

(u) is a draw from distribution F(.). Therefore, the random deviate can be generated from Lomax (𝛼,𝜆) by 

𝑥 =
 1−𝑢 

−
1
𝛼−1

𝜆
,     0 < 𝑢 < 1.                                                                        (9)                                         

where u has the U(0, 1) distribution.  
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3. Maximum Likelihood Estimation (MLE) and Information Matrix  

For completeness purposes, in this section, we briefly discuss the maximum likelihood estimators (MLE’s) of 

the two-parameter Lomax model and discuss their asymptotic properties to obtain approximate confidence 

intervals based on MLEs, see [25]. 

Let 𝑥 = (𝑥1 , 𝑥2 ,… , 𝑥𝑛) be an observed sample of size n from Lomax (𝛼,𝜆), then the log-likelihood function 

L(𝛼,𝜆) can be written as 

ℓ = log L = n logα + n logλ −  α + 1  log 1 + λ𝑥i 
n
i=1 .                              (10) 

To obtain the MLE’s of 𝛼 and 𝜆, we can maximize (10) directly with respect to 𝛼 and 𝜆 or solve the following 

two non-linear equations using Newton-Raphson method  
𝜕ℓ

𝜕𝛼
=

𝑛

𝛼
−  log (1 + λ𝑥i)

n
i=1 = 0,                                                                      (11) 

𝜕ℓ

𝜕𝜆
=

𝑛  

𝜆
− (α + 1)  

𝑥i

1+λ𝑥i

𝑛
𝑖=1 = 0.                                                                      (12) 

 

3.1. Information Matrix and Asymptotic Confidence Intervals  

Let us denote the parameter vector by 𝛿 = (𝛼, 𝜆)and the corresponding MLE of 𝛿 as 𝛿 = (𝛼 , 𝜆 ), then the 

asymptotic normality results in 

 (δ − δ) → N2(0, (I(δ))−1),                                                                                  (13) 

where I(𝛿) is the Fisher’s information matrix given by  

 I δ = − 
𝐸(

𝜕2ℓ

𝜕𝛼2) 𝐸(
𝜕2ℓ

𝜕𝛼  𝜕𝜆
)

𝐸(
𝜕2ℓ

𝜕𝛼  𝜕𝜆
) 𝐸(

𝜕2ℓ

𝜕𝜆2)
 .                                                                   (14) 

In practice, asymptotic variance of MLE(I(δ))−1 is seldom used because δ is unknown. Hence, it approximates 

the asymptotic variance by “plugging in” the estimated value of the parameters, see [19]. The common 

procedure is to use observed Fisher information matrix O(𝛿 ) as an estimate of the information matrix I(δ) and is 

given by 

O 𝛿  = − 

𝜕2ℓ

𝜕𝛼2

𝜕2ℓ

𝜕𝛼  𝜕𝜆

𝜕2ℓ

𝜕𝛼  𝜕𝜆

𝜕2ℓ

𝜕𝜆2

 

  𝛼 ,𝜆   

= − ℋ(δ) 𝛿  ,                                                (15) 

where ℋ is the Hessian matrix. The Newton-Raphson algorithm to maximize the likelihood produces the 

observed information matrix. Therefore, the variance-covariance matrix is given by 

(− ℋ(δ) 𝛿  )−1 =  
𝑉𝑎𝑟(𝛼 ) 𝐶𝑜𝑣(𝛼 , 𝜆 ) 

𝐶𝑜𝑣(𝛼 , 𝜆 ) 𝑉𝑎𝑟(𝜆 )
 .                                               (16) 

Hence, from the asymptotic normality of MLEs, approximate 100(1-𝛾)% confidence intervals for 𝛼 and 𝜆 can 

be constructed as  

𝛼 ± 𝑍𝛾/2 𝑉𝑎𝑟(𝛼 )     and     𝜆 ± 𝑍𝛾/2 𝑉𝑎𝑟(𝜆 ), 

where 𝑍𝛾/2 is the upper percentile of standard normal variate. 

 

3.2. Computation of Maximum Likelihood Estimates 

In this section, data analysis of a real set of values is done for illustrating the methods proposed in the previous 

sections. The set of data is extract from [10], and it represents 46 repair times (in hours) for an airborne 

communication transceiver, there were 46 observations listed below: 

            0.2, 0.3, 0.5, 0.5, 0.5, 0.5, 0.6, 0.6, 0.7, 0.7, 0.7, 0.8, 0.8, 1.0, 1.0, 1.0, 1.0, 

            1.1, 1.3, 1.5, 1.5, 1.5, 1.5, 2.0, 2.0, 2.2, 2.5, 2.7, 3.0, 3.0, 3.3,  3.3, 4.0, 4.0, 

            4.5, 4.7, 5.0, 5.4, 5.4, 7.0, 7.5, 8.8, 9.0, 10.3, 22.0, 24.5 
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The mean, standard deviation and the coefficient of skewness are found as 3.6065, 4.9442 and 2.9866, 

respectively. The measure of skewness indicates that the data are positively skewed where the coefficient of 

skewness is the unbiased estimator for the population skewness obtained by 𝑆. 𝐾 =
 𝑛(𝑛−1)

𝑛−2
.

1

𝑛
 (𝑥𝑖−𝑥 )3𝑛

𝑖=1

(
1

𝑛
 (𝑥𝑖−𝑥 )2)𝑛

𝑖=1

3/2. 

The Lomax model is used to fit the above set of data. The iterative procedure was initiated by maximizing the 

log-likelihood function given in (10). Optim( ) function in R is used with option Newton- Raphson method. The 

values of the estimates are obtained 𝛼 =3.5494345, 𝜆 =0.1082631 and the corresponding log-likelihood value = 

-102.9543. Similar results are obtained using maxLik package available in R. An estimate of variance-

covariance matrix, using (15) and (16), is obtained as: 

 
𝑉𝑎𝑟(𝛼 ) 𝐶𝑜𝑣(𝛼 , 𝜆 ) 

𝐶𝑜𝑣(𝛼 , 𝜆 ) 𝑉𝑎𝑟(𝜆 )
 =  

5.4226226 −0.201218068 
−0.201218068    0.007868785

 .           (17) 

 

By using (17), approximate 95% confidence intervals for the parameters of Lomax model based on MLEs were 

constructed. Table 1 shows the MLE’s with their standard errors and approximate 95% confidence intervals for 

𝛼 and 𝜆.  

Table 1: Maximum likelihood estimate, standard error and 95% confidence interval 

Parameter MLE Std. Error 95% Confidence Interval  

Alpha 3.5494345 2.32864977 (0, 8.1135042) 

Lambda 0.1082631 0.08870607 (0,0.2821238) 

 

4. Model Validation  

In order to study the goodness of fit of the Lomax model, it is essential to compute the Kolmogorov-Smirnov 

(K-S) statistics between the empirical distribution function and the fitted distribution function when the 

parameters are obtained by method of maximum likelihood [28]. The authors found the result of K-S test has 

D= 0.1054354 with the corresponding p-value = 0.6472917. The high p-value clearly indicates that Lomax 

model fits the data well. 

The plot of the empirical distribution function and the fitted distribution function in Figure 3 indicates a 

considerate match between the empirical distribution function and the fitted distribution function. 

 
Figure 3: The graph of empirical distribution function and fitted distribution function 

The aforementioned results provide excellent evidence that the estimate Lomax model fits the given data set 

well.  

In model validation some widely used graphical methods employed for checking whether a fitted model is in 

agreement with the data are, Quantile- Quantile(Q-Q) and Probability-Probability (P-P) plots. 
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4.1. Q-Q  plot 

 
Figure 4: Quantile-Quantile (Q-Q) plot using MLEs as estimate. 

Let F (x) be an estimate of F(x) based on 𝑥1 , 𝑥2, … , 𝑥𝑛 . The scatter plot of the points 

F −1(p1:n) versus xi:n , i = 1 , 2, . . . ,n , is called a Q-Q plot.  

The Q-Q plot shows the estimated versus the observed quantiles. If the model fits data well, the pattern of points 

on the Q-Q plot will roughly exhibit a 45-degree straight line. The approximate straight line pattern in Figure 4 

shows that, the Lomax model fits the data well.  

 

4.2. P-P  plot 

The above argument is also supported by the Probability-Probability (P-P) plot as shown in Figure 5. 

Let 𝑥1 , 𝑥2 ,… , 𝑥𝑛  be a sample from a given population with estimated cdf F (x). The scatter plot of the points 

F (x1:n ) versus pi:n , i = 1 , 2, . . . ,n , is called a P-P plot. Since the model fits the data well, the graph will be 

close to the 45- degree line [26]. 

 
Figure 5: Probability-Probability(P-P) plot using MLEs as estimate 

As can be seen from Figure 4 and Figure 5 that the data do not deviate much from the line. 
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5. Bayesian Estimation using Markov Chain Monte Carlo (MCMC) Method  

During the last decade Bayesian analyses have been dynamically improved with the advent of sophisticated 

statistical softwares, of which OpenBUGS is the most widely used software. OpenBUGS is menu driven and 

through several dialogue boxes the probability models can be analyzed using one of the MCMC, Gibbs Sampler 

technique. It contains a fully extensible modular framework for constructing and analyzing Bayesian probability 

models [20, 22]. The Bayesian analysis of a probability model can be performed for the default models present 

in the OpenBUGS. Recently, a number of probability models have been incorporated in OpenBUGS to facilitate 

the Bayesian analysis [15]. For further reading refer to [3, 9, 17, 26- 27] for elaborate implementation details of 

some models. As the Lomax model is not readily accessible in OpenBUGS, thus it requires developing and 

incorporating a module to estimate the parameters of Lomax model. 

 

5.1. Bayesian Analysis under Gamma Priors  

The developed module is executed to obtain the Bayes estimates of the Lomax model using MCMC method. 

The main function of the module is to generate MCMC samples from posterior distribution for informative set 

of priors, i.e. gamma priors for 𝛼 and 𝜆.  

Gamma prior: The most widely used prior distribution of the parameter 𝜃 is gamma distribution with 

parameters 𝑎 > 0 and 𝑏 > 0 denoted as 𝜃~𝐺(𝑎, 𝑏) with pdf given by 

𝜋 𝜃 =
𝑏𝑎

Γ(𝑎)
𝜃𝑎−1𝑒−𝑏𝜃 ,    𝜃 > 0, 𝑎 > 0,   𝑏 > 0. 

The authors ran two parallel chains for sufficiently large number of iterations until convergence is attained. 

Initially for first chain, 5000 burn-in samples, prior to drawing the first 35000 samples, were generated and 

discarded. The same procedure is adopted for second chain. Final posterior sample of size 7000 is taken by 

choosing thinning interval five i.e. every fifth outcome is stored. Therefore, we have the posterior sample 

{𝛼1𝑖 , 𝜆1𝑖  }, i = 1,…,7000 from chain 1 and {𝛼2𝑖 , 𝜆2𝑖  }, i = 1,…,7000 from chain 2. Chain 1 is considered for 

convergence diagnostics plots. The visual summary is based on posterior sample obtained from chain 2 whereas 

the numerical summary is presented for both the chains.  

 

5.2. Convergence diagnostics  

Simulation draws or chains were started at initial values for each parameter of priors. By virtue of dependence in 

successive draws, first 5000 draws were discarded as a burn-in to obtain independent samples. In order to be 

sure that the chains have converged, i.e. the analysis samples drawn using MCMC, are in fact, taken as being 

drawn from the actual joint posterior distribution of the parameters, which in turn will yield stable estimates of 

the parameters. 

 

5.3. History (Trace) plot 

 
Figure 6: Sequential realization of the parameters 𝛼 and 𝜆 
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The trace plot, sometimes called a time-series plot, shows the sampled values of a parameter over time. This plot 

helps you to judge how quickly the MCMC procedure converges in distribution—that is, how quickly it forgets 

its starting values. 

From the trace plot in Figure 6 it is quite evident that the chain has converged, as the plot shows rapid up-and-

down variation and no long-term trends or drifts. This indicates that the convergence in distribution has taken 

place rapidly. 
 

5.4. Autocorrelation plot 

In order to examine how long it took for the correlations among the sample to die down, we observe the 

autocorrelation plot. Figure 7 clearly exhibits that the chains are hardly autocorrelated at all. In the 

autocorrelation plots shown below, the lag-2 correlation—the correlation between any sampled value and the 

value drawn 2 iterations later—is approximately 0. This indicates that by 2 iterations, the MCMC procedure has 

essentially forgotten its starting position. Forgetting the starting position is equivalent to convergence in 

distribution. This fact gives us confidence that a burn-in period of 5000 samples was more than enough to 

ensure that convergence in distribution was attained, and that the analysis samples are indeed samples from the 

true posterior distribution. Therefore, it is considered that the independent samples are from the target 

distribution i.e. posterior. 

 
Figure 7: The autocorrelation plots for 𝛼 and 𝜆 

 

5.5.  Running Mean (Ergodic mean) Plot  

The convergence pattern can also be studied by calculating the running mean i.e. the mean of the sampled 

values up to and including a given iteration. Time series (iteration number) graph of the running mean for each 

parameter in the chain, is generated. Figure 8 shows the Ergodic mean plots for the parameters ‘α’ and ‘λ’ 

converging at 3.50 and 0.108 respectively. 

 
Figure 8: The Ergodic mean Plots for alpha and lambda 
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5.6. Brooks-Gelman-Rubin Diagnostic  

Figure 9 shows that the evidence for convergence comes from the black line being close to 1 on the y-axis and 

from the red line being stable (horizontal) across the width of the plot.  

 
Figure 9: The BGR plots for alpha and lambda 

From the Figure 9, it is clear that convergence is achieved, so summary statistics can be obtained from posterior 

distribution. 

 

5.7. Numerical Summary  

Various quantities of interest and their numerical values based on MCMC sample of posterior characteristics for 

Lomax model under gamma priors, have been considered, in Table 2. The numerical summary is based on final 

posterior sample (MCMC output) of  7000 samples for alpha and lambda, where 

{𝛼1𝑖 , 𝜆1𝑖  }, i = 1,…,7000 from chain 1, 

and 

{𝛼2𝑖 , 𝜆2𝑖  }, i = 1,…,7000 from chain 2.  

 

Table 2: Numerical summaries based on MCMC sample of posterior characteristics for Lomax model under 

gamma priors 

Characteristics Chain 1 Chain 2 

alpha lambda alpha lambda 

Mean 3.507000 0.108500 3.506000 0.108500 

Standard Deviation 0.179158 0.009391 0.177436 0.009324 

Naive SE 0.000958 0.000050 0.000948 0.000050 

Time-Series SE 0.001232 0.000059 0.001206 0.000060 

Minimum 2.858000 0.073760 2.804000 0.070820 

2.5
th

 percentile (P2.5) 3.160000 0.090820 3.167000 0.091220 

First Quartile (Q1) 3.386000 0.101900 3.384000 0.102100 

Median 3.503000 0.108100 3.502000 0.108200 

Third Quartile (Q3) 3.625000 0.114600 3.626000 0.114700 

97.5
th

 percentile (P97.5) 3.868000 0.127500 3.862000 0.127600 

Maximum 4.301000 0.151300 4.245000 0.150500 

95% Credible Interval 3.160, 3.868 0.09082, 0.1275 3.167, 3.862 0.09122, 0.1276 

95% HPD Credible 

Interval 

3.164, 3.870 0.09063, 0.1272 3.165, 3.859 0.09075, 0.127 

 

5.8. Visual summary by using Kernel density estimates  

Histograms can provide insights on skewness, behaviour in the tails, presence of multi-modal behaviour, and 

data outliers. In addition, histograms can be compared to the fundamental shapes associated with standard 

analytic distributions.  
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Histogram and kernel density estimate of 𝛼 and 𝜆 based on MCMC samples is shown in Figure 10. Vertical 

lines represent the corresponding MLE and Bayes estimates. 

 

 
Figure 10: Histogram and kernel density estimate of 𝛼 and 𝜆 

 

5.9. Visual summary by using Box plots  

The boxes in the box plot represent inter-quartile ranges and the solid black line at the centre of each box is the 

mean, the arms of each box extend to cover the central 95 per cent of the distribution - their ends correspond, 

therefore, to the 2.5% and 97.5% quantiles. (Note that this representation differs somewhat from the traditional 

methods). 

 
Figure 11: The boxplots for alpha and lambda 

6. Comparison with MLE   

Three graphs have been plotted to compare Bayesian estimates with MLEs.  

Figure 12 represents the density functions using MLEs and Bayesian estimates, computed through MCMC 

samples under Gamma priors. Whereas, Figure 13 exhibits the Quantile-Quantile (Q-Q) plot of empirical 

quantiles and theoretical quantiles computed from MLE and Bayesian estimates. The last graph as shown in 

figure 14 represents the estimated reliability function using Bayesian estimated under Gamma priors and the 

empirical reliability function. 

It is quite evident from the aforementioned figures that the MLEs and the Bayes estimates, with respect to the 

Gamma priors, are quite close and fit the data well. 
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Figure 12: The density functions f(x,𝛼 , 𝜆 ) using MLEs and Bayesian estimates 

 

 
Figure 13: Q-Q plot of empirical quantiles and theoretical quantiles computed from MLEs and Bayesian 

estimates 

 
Figure 14: The estimated reliability function using Bayes estimate and the empirical reliability function 

 

7. Conclusion  

The Lomax model with shape parameter 𝛼 and scale parameter 𝜆 has been discussed and estimate of its 

parameters were obtained using the Markov chain Monte Carlo (MCMC) method. The MCMC method has 

proven more effective vis-a`-vis the usual methods of estimation. Bayesian analysis under different set of priors 

has been carried out using OpenBUGS to study the convergence pattern. A numerical summary based on 

MCMC samples of posterior characteristic for Lomax model has been worked out under informative priors. A 

visual summary under different set of priors which include box plot, kernel density estimation and comparison 
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with MLEs has been attempted. It has been found that the proposed methodology is suitable for empirical 

modeling and best suited for data set, which is considered for illustration under gamma sets of priors.  
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