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Abstract- Stochastic choice modeling captures the decision-
making behavior of individuals or market segments under 
uncertainty. By integrating probabilistic elements, discrete 
choice models estimate the likelihood of selecting a particular 
alternative based on multiple attributes. This study applies 
discrete stochastic models to identify the factors influencing 
individuals’ selection of insurance companies. 

A Markov chain model is employed to analyze the dynamic 
operations of insurance companies, focusing on earning 
patterns and subscriber enrollment trends. As insurance firms 
play a critical yet often overlooked role in developing 
economies, understanding their long-term performance is 
essential for financial stability and growth. In high-risk 
investment environments, especially those involving public 
savings, accurate forecasting of company profitability and 
client participation becomes vital. 

The study demonstrates that stochastic modeling provides a 
robust framework for evaluating and predicting insurance 
company performance. Long-run probabilities are estimated 
for various models, and comparative analysis identifies the 
most suitable model for the data. The findings contribute to 
both the economic understanding of insurance operations and 
the methodological advancement of stochastic modeling in 
Bangladesh. 

Keywords- Markov Chain, Monte Carlo Simulation, MCMC 
Simulation, Metropolis-Hasting (M-H) Algorithm, Transition 
probability matrix (TPM),  Limiting Probabilities (LP) and 
Goodness-of-fit. 

1. INTRODUCTION

Stochastic modeling, particularly through the application of 
Markov chains, has played a crucial role in the evolution of 
insurance mathematics and actuarial science. Insurance 
companies operate under uncertainty—policyholder  

behavior, claim occurrence, and market fluctuations are 
inherently random. Markov chain models provide a rigorous 
mathematical framework to represent and analyze these 
uncertainties, allowing insurers to predict long-term risks, 
optimize premium structures, and ensure financial solvency. 
The following review traces the chronological development 

of stochastic modeling in insurance from 1967 to 2016, 
highlighting major contributions in the field. 

The roots of stochastic modeling in insurance are grounded 
in early statistical theory. Chakravarti, Laha, and Roy 
(1967) introduced the Kolmogorov–Smirnov Goodness-of-
Fit Test, a fundamental statistical tool used to verify the 
suitability of theoretical distributions—such as exponential, 
Poisson, or normal laws—to observed claim data. Their 
contribution established the statistical basis for validating 
stochastic and Markovian  models that later became 
standard in insurance risk analysis. 

Kulp and Hall (1968), in their work Casualty Insurance, 
provided one of the earliest practical discussions on 
uncertainty and risk in insurance operations. While not 
explicitly Markovian, their approach was stochastic in 
nature, recognizing that insurance risk depends on 
probabilistic variations in claim frequency and severity. 
Their insights set the stage for using stochastic processes to 
model real-world insurance phenomena. 

A significant theoretical advancement came with Peskun 
(1973), who explored Optimum Monte Carlo Sampling 
Using Markov Chains. His study introduced an efficient 
computational method—later developed into Markov Chain 
Monte Carlo (MCMC)—that has become a key simulation 
tool in modern actuarial science. Insurance companies use 
MCMC algorithms to simulate claim processes, estimate 
transition probabilities, and assess solvency under 
uncertainty. 

Jagers (1975) further advanced stochastic theory with his 
seminal text Branching Processes with Biological 
Applications. The branching process, which describes 
random systems where elements reproduce or die 
probabilistically, found applications in insurance portfolios 
and reinsurance models. This framework parallels the way 
claims or policy events propagate across time and policies in 
an insurer’s book of business. 
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The 1980s marked the formal introduction of stochastic 
processes into applied insurance modeling. Bruss (1984) 
proposed Extinction Criteria for Bisexual Galton–Watson 
Processes, extending classical branching models to more 
complex interdependent systems. In an insurance context, 
this concept relates to the “survival” or “ruin” of a 
company—whether it continues to sustain its reserves or 
becomes insolvent due to recurring claims. 

Bhat (1984), in Elements of Applied Stochastic Processes, 
provided one of the earliest comprehensive introductions to 
continuous-time Markov chains, renewal processes, and 
queueing theory. His formulations became directly 
applicable to insurance risk modeling, where claims arrive 
randomly over time and affect company reserves. Bhat’s 
work influenced subsequent actuarial studies that use 
Markov chains to model transitions between financial states, 
such as solvency, deficit, and ruin. 

By the 1990s, stochastic modeling in insurance had evolved 
from theoretical formulations to applied decision-making 
frameworks. Medhi (1994), in his textbook Stochastic 
Processes, elaborated on birth–death processes, renewal 
processes, and semi-Markov systems. These concepts 
directly apply to insurance operations: the birth–death 
process models inflows (premium income) and outflows 
(claim payments), allowing actuaries to compute ruin 
probabilities and expected reserve levels over time. 

Ross (1995) expanded these ideas in Stochastic Processes 
by integrating discrete- and continuous-time Markov models 
into business and actuarial contexts. His analysis of Poisson 
and Markov jump processes became foundational in 
modeling claim arrivals and policyholder transitions. These 
methods help insurers forecast claim counts, optimize 
reinsurance strategies, and evaluate the time until 
insolvency. 

Hamdy Taha (1999) introduced stochastic decision models 
in Operations Research: An Introduction. His framework 
allowed insurance companies to optimize pricing, 
investment, and reinsurance strategies under stochastic 
conditions. The combination of Markovian models and 
operations research principles laid the foundation for 
modern actuarial optimization. 

Latouche and Ramaswami (1999) made a landmark 
contribution with Matrix Analytic Methods in Modeling. 
Their techniques enable efficient computation of large-scale 
Markov chains used in complex insurance models—such as 
those modeling multiple claim types, varying policyholder 
states, and interdependent risks. Matrix-analytic methods 
are now integral in the actuarial modeling of policyholder 

transitions and queue-like systems in insurance claim 
processing. 

The early 2000s brought a surge in practical applications of 
stochastic modeling. Bhat (2000), in Stochastic Models, 
consolidated theoretical foundations with case-based 
applications, demonstrating how Markov and renewal 
models describe claim dynamics and risk evolution in 
insurance. 

Papoulis and Pillai (2002) provided deep theoretical insight 
into Probability, Random Variables, and Stochastic 
Processes, emphasizing the role of Markov chains and 
Poisson processes in real-world applications. Their 
formulations underpin much of the probabilistic modeling 
now used in actuarial science for life, health, and general 
insurance. 

Gujarati (2003) and Hines et al. (2003) reinforced the 
statistical underpinnings of stochastic analysis, providing 
econometric and engineering perspectives for parameter 
estimation and model fitting. In insurance, these 
methodologies are essential for estimating transition 
intensities and claim probabilities based on observed data. 

Biswas (2004) and M.K. Roy (2004) expanded applied 
stochastic modeling into practical actuarial contexts. 
Biswas’s Applied Stochastic Process explicitly analyzed 
claim occurrence and inter-arrival times using Markovian 
assumptions, while Roy’s work provided essential 
probability theory for constructing reliable risk models. 

By the mid-2000s, the intersection between stochastic 
modeling and insurance economics gained prominence. 
Hollis and Strauss (2007) examined asymmetric information 
and risk in automobile insurance markets, employing 
stochastic frameworks to explain variations in claim 
likelihoods. Strauss and Hollis (2007) extended this work to 
market-level analysis, showing how information 
uncertainty—modeled through stochastic transitions—
affects insurer pricing and competition. 

Gupta and Kapoor (2008) contributed a statistical 
foundation through Fundamentals of Mathematical 
Statistics, emphasizing hypothesis testing and parameter 
estimation vital for validating Markov-based insurance 
models. Meanwhile, Barbu and Limnios (2008) significantly 
advanced the field with Semi-Markov and Hidden Semi-
Markov Models. These models account for unobserved 
(hidden) risk factors and variable sojourn times, providing a 
realistic representation of complex insurance systems, such 
as health deterioration or delayed claims. 
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The study by Ghosh, Roy, and Biswas (2016) illustrates the 
data-driven evolution of stochastic modeling. Though 
focused on rainfall data, their method of identifying best-fit 
probability distributions demonstrates how modern 
insurance companies employ empirical stochastic modeling 
to predict risk patterns, particularly for weather-related and 
agricultural insurance. Their work signifies the integration 
of classical Markovian principles with real-world data 
analytics. 

From the foundational probability studies of Chakravarti et 
al. (1967) to the data-driven stochastic analyses of Ghosh et 
al. (2016), the literature reflects a continuous evolution in 
the application of Markov chain models to insurance 
problems. Over five decades, these models have advanced 
from abstract mathematical constructs to essential tools in 
actuarial science—used for predicting claim dynamics, 
assessing solvency, and optimizing premium strategies. The 
integration of semi-Markov, matrix-analytic, and Monte 
Carlo approaches has further enhanced insurers’ ability to 
manage uncertainty. Today, stochastic modeling based on 
Markov chains stands as a cornerstone of risk management 
and decision-making within the insurance industry. 

We illustrate our theoretical knowledge of stochastic 
modeling in two most renowned companies’ data: Green 
Delta Life Insurance Company (GDLIC) and National Life 
Insurance Company (NLIC). The Markov Chain model is 
established for the annual profit of two companies. We 
found only 4 years (2008-2011) annual profit for GDLIC 
and 2 years (2010-2011) annual profit for NLIC. This 
information is not adequate for estimating Markov chain. So 
simulation is carried out for generating the annual profit of 
GDLIC and NLIC in two phases for each company. That’s 
why we have simulated profit considering the original mean 
and standard deviation by Markov Chain (MC) at the first 
phase and at the second phase by Markov Chain Monte 
Carlo (MCMC) simulation using Metropolis-Hasting (MH) 
algorithm. 
 
Table 1: Annual profit of Green Delta Life Insurance Company (GDLIC) 

during 2008-2011. 
 

Year Profit (Taka in 
millions) 

2011 143.43 

2010 562.4 

2009 277.7 

2008 295.1 
 

Table 2: Annual profit of National Life Insurance Company 

(NLIC) during 20010-2011. 

Year Profit (Taka in 
millions) 

2011 1466.70 

2010 3591.28 

 

2: ESTIMATING MARKOV CHAIN WITH 
GENERATED PROFIT 

 
Data are generated for the annual profit of GDLIC and 
NLIC in two phases for each company. At the first phase, 
Markov Chain is simulated by generating random numbers 
using Monte Carlo simulation and Markov Chain Monte 
Carlo (MCMC) simulation is done by using Metropolis-
Hasting algorithm in the second stage. As the profit follows 
normal distribution with mean µ  and Variance 2σ . Hence, 
we will generate the profit of GDLIC with mean (319.6575) 
and standard deviation (175.4457) and the profit of NLIC 
with mean (2528.99) and standard deviation (1502.305) in 
the first stage. In the second stage, the profits of two 
companies are generated by MCMC using Metropolis-
Hasting (MH) Algorithm. 
 
2.1: Markov Chain Estimation using Monte Carlo 
Simulation 
 
Before simulating the profit of two companies, we need to 
classify different states of this variable. Since the minimum 
profit of GDLIC is 6 million taka and maximum is 598 
million taka, whereas the minimum profit is -156 million 
taka and maximum profit is 4401.2 for NLIC. So the states 
range is different for two companies. 

 
Table 2.1.1: Classification of States in the profit of GDLIC for Markov 

Chain model during 2008-2011 
 

Generated  profit 
range (Taka in 
millions) 

State 

6-154 1 

154-302 2 

302-450 3 

450-598 4 

≥598 5 
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From this first order TP matrix in equation (2) we observed 
that the profit of GDLIC starts with 6 to 154 million in the 
first year will be retain in the same range in the next year 
with probability .105, there is 45% chance in increase the 
profit to154 - 302 millions, 29% likelihood for increasing 
the profit to 302-450 millions, 13% possibility to raise in 
450-598 million and only 2% chance remaining to earn 598 
million taka or more than 598 million taka in the next year.  
 
When the profit of GDLIC starts with 154-302 million taka 
in the first year it decreases to 6-154 million taka in the next 
year with probability .14, there is 29% chance in remaining 
the same profit range, 32% likelihood for increasing the 
profit to 302-450 million taka, 20% possibility to raise in 
450-598 million taka and only 6% chance remaining to earn 
598 million taka or more than 598 million taka in the next 
year. 
When the profit of GDLIC starts with 302-405 million taka 
in the first year it decreases to 6-154 millions in the next 
year with probability .25, there is 29% chance to decrease 
the profit range 154-302 million taka, there is 29% chance 
in remaining the same profit range, 12% possibility to raise 
in 450-598 million taka and only 4% chance remaining to 
earn 598 million taka or more than 598 million taka in the 
next year. 
 
When the profit of GDLIC starts with 450-598 million taka 
in the first year it decreases to 6-154 millions in the next 
year with probability .20, there is 27% chance to decrease 
the profit range 154-302 million taka, 40% possibility to 
raise in 302-450 million taka, there is 29% chance in 
remaining the same profit range and only 0% chance 
remaining to earn 598 million taka or more than 598 million 
taka in the next year. 
 

When the profit of GDLIC starts with 598 million taka or 
more than 598 million taka in the first year it decreases to 6-
154   million taka in the next year with probability .250, 
there is 38% chance in decreasing the profit range to 154-
302 million taka, 38% possibility to decrease in 302-450 
million taka, 0% likelihood for decreasing the profit to 450-
598 million taka,   and only 0% chance remaining to earn in 
the same rage in the next year. 
 

 
From the second order TP matrix in equation (3) we 
observed that the profit of GDLIC starts with 6 to 154 
million taka in the first year will be retain in the same range 
in the next year with probability .18, there is 30% chance in 
increase the profit to154 - 302 million taka, 32% likelihood 
for increasing the profit to 302-450 million taka, 16% 
possibility to raise in 450-598 million taka and only 4% 
chance remaining to earn 598 million taka or more than 598 
million taka in the next year. 
 When the profit of GDLIC starts with 154-302 million taka 
in the first year it decreases to 6-154 million taka in the next 
year with probability .19, there is 31% chance in remaining 
the same profit range, 33% likelihood for increasing the 
profit to 302-450 million taka, 14% possibility to raise in 
450-598 million taka and only 3% chance to earn 598 
million taka or more than 598 million taka in the next year.  
 
When the profit of GDLIC starts with 302-405 millions in 
the first year it decreases to 6-154 millions in the next year 
with probability .17, there is 33% chance to decrease the 
profit range to 154-302 million taka, 32% chance in 
remaining in the same profit range, 14% possibility to raise 
in 450-598 million and only 4% chance to earn 598 million 
taka or more than 598 million taka in the next year.  
 
When the profit of GDLIC starts with 450-598 millions in 
the first year it decreases to 6-154 millions in the next year 
with probability .18, there is 32% chance in decreasing the 
profit to 154-302, 31% likelihood for decreasing the profit 
to 302-450 millions, 15% possibility for remaining in the 
same profit range and only 3% chance to earn 598 million 
taka or more than 598 million taka in the next year. 
 
 When the profit of GDLIC starts with 598 million taka or 
more than 598 million taka in the first year it decreases to 6-
154 millions in the next year with probability .17, there is 
33% chance in decreasing the profit to 154-302, 30% 
likelihood for decreasing the profit to 302-450 million taka, 
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15% chance to decrease the profit range 450-598 million 
taka and only 4% possibility for remaining in the same 
profit range in the next year. 

 

 
 

Table 2.1.2: Classification of States in the profit of NLIC for Markov 
Chain (MC) model during 2010-2011 

 
Generated  profit range 

(Taka in millions) 
State 

(-156)-983.4 1 

983.4-2122.8 2 

2122.8-3262.22 3 

3262.22-4401.2 4 

≥4401.2 5 

 
Transition matrix for the generated profit of NLIC in the 
first phase simulation is given below 

 
As a result, Transition probability (TP) matrix for NLIC 
using MC simulation during 2010-2011 is 

 
 

From this first order TP matrix in equation (7) we observed 
that the profit of NLIC starts with (-156)-983.4 million taka 
in the first year will be retain in the same range in the next 
year with probability .125, there is 19% chance in increase 
the profit to million taka 983.4-2122.8, 25% likelihood for 
increasing the profit to 2122.8-3262.223 million taka, 31% 
possibility to raise in 3262.223-4401.2 million taka and only 
14% chance to earn 4401.2 or more than 4401.2 million taka 
in the next year.  
 
When the profit of NLIC starts with 983.4-2122.8 millions 
in the first year it decreases to (-156)-983.4   million taka in 
the next year with probability .142, there is 19% chance in 
remaining the same profit range, 42% likelihood for 
increasing the profit to 2122.8-3262.223 million taka, 19% 
possibility to raise in 3262.223-4401.2 million taka and only 
4% chance remaining to earn 4401.2 million taka or more 
than 4401.2 million taka in the next year.  
 
When the profit of NLIC starts with 2122.8-3262.223 
million taka in the first year it decreases to (-156)-983.4 
million taka in the next year with probability .142, there is 
14% chance in decreasing the profit range to 983.4-2122.8 
million taka, 37% chance in remaining the same profit 
range, 20% possibility to raise in 3262.223-4401.2 million 
taka and only 14% chance to earn 4401.2 or more than 
4401.2 million taka in the next year. 
 
When the profit of NLIC starts with 3262.223-4401.2 
million taka in the first year it decreases to (-156)-983.4 
millions in the next year with probability .227, there is 41% 
chance in decreasing the profit range to 983.4-2122.8 
million taka, 14% possibility to decrease in 2122.8-
3262.223 million taka, 14% chance in remaining the same 
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profit range,   and only 9% chance to earn 4401.2 or more 
than 4401.2 million taka in the next year.  
 
When the profit of NLIC starts with 4401.2 million taka or  
more than 4401.2  million in the first year it decreases to (-
156)-983.4 millions in the next year with probability .111, 
there is 0% chance in decreasing the  profit range to 983.4-
2122.8 million taka, 56% possibility to decrease  in 2122.8-
3262.223  million taka, 33% likelihood for decreasing the 
profit to 3262.223-4401.2 million taka, and only 0% chance 
to remain in the same profit range in the next year 

From the second order TP matrix in equation (8) we 
observed that the profit of NLIC starts with (-156)-983.4 
million taka in the first year will be retain in the same range 
in the next year with probability .163, there is 22% chance 
in increase the profit to million taka 983.4-2122.8, 31% 
likelihood for increasing the profit to 2122.8-3262.223 
million taka, 20% possibility to raise in 3262.223-4401.2 
million taka and only 8% chance to earn 4401.2 or more 
than 4401.2 million taka in the next year.  
 
When the profit of NLIC starts with 983.4-2122.8 millions 
in the first year it decreases to (-156)-983.4   million taka in 
the next year with probability .154, there is 20% chance in 
remaining the same profit range, 33% likelihood for 
increasing the profit to 2122.8-3262.223 million taka, 21% 
possibility to raise in 3262.223-4401.2 million taka and only 
11% chance remaining to earn 4401.2 million taka or more 
than 4401.2 million taka in the next year.  
 
When the profit of NLIC starts with 2122.8-3262.223 
million taka in the first year it decreases to (-156)-983.4 
million taka in the next year with probability .152, there is 
19% chance in decreasing the profit range to 983.4-2122.8 
million taka, 34% chance in remaining the same profit 
range, 22% possibility to raise in 3262.223-4401.2 million 
taka and only 9% chance to earn 4401.2 or more than 
4401.2 million taka in the next year. 
 
When the profit of NLIC starts with 3262.223-4401.2 
million taka in the first year it decreases to (-156)-983.4 
millions in the next year with probability .147, there is 19% 
chance in decreasing the profit range to 983.4-2122.8 
million taka, 35% possibility to decrease in 2122.8-
3262.223 million taka, 23% chance in remaining the same 

profit range,   and only 8% chance to earn 4401.2 or more 
than 4401.2 million taka in the next year. 
When the profit of NLIC starts with 4401.2 million taka or 
more than 4401.2 million in the first year it decreases to (-
156)-983.4 millions in the next year with probability .169, 
there is 24% chance in decreasing the profit range to 983.4-
2122.8 million taka, 28% possibility to decrease in 2122.8-
3262.223 million taka, 19% likelihood for decreasing the 
profit to 3262.223-4401.2 million taka, and only 12% 
chance to remain in the same profit range in the next year. 

From this convergence transition probability matrix in 
equation (10) we can see that the highest long run 
probability 33% is associated with the profit range 2122.8-
3262.223 million taka, followed by 21% with 3262.223-
4401.2 million taka, 20% with 983.4-2122.8 million taka, 
16% with 983.4-2122.8 million taka and the minimum 
probability 9% associated with profit 4401.2 million taka or 
more million taka 

2.2: Markov Chain Estimation using MCMC Simulation 

using Metropolis-Hasting (M-H) Algorithm 

 

Before simulating the profit of two companies, we need to 
classify different states of this variable. Since the minimum 
profit of GDLIC is 2.54million taka and maximum is 555.98 
million taka, whereas the minimum profit is -581.73 million 
taka and maximum profit is 4408.219 for NLIC. So the 
states range is different for two companies. 
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Table 2.2.1: Classification of States in the profit of GDLIC for Markov 
Chain Monte Carlo (MCMC) model during 2008-
2011 

 
Generated profit range 
(Taka in millions) 

State 

(2.54)-140.90 1 

140.90-279.26 2 

279.26-417.62 3 

417.62-555.98 4 

≥555.98 5 

 
Transition matrix for the generated profit of GDLIC in the 
second phase simulation is given below 

 

 
 

From this first order TP matrix in equation (12) we observed 
that the profit of GDLIC starts with 2.54 to 140.90 million 
taka in the first year will be retain in the same range in the 
next year with probability .129, there is 26% chance in 
increase the profit to140.90-279.26 million taka, 26% 
likelihood for increasing the profit to 279.26-417.62 million 
taka, 32% possibility to raise in 417.62-555.98 million taka 
and only 3% chance remaining to earn 555.98 or more than 
555.98 million taka in the next year.  
 
When the profit of GDLIC starts with140.90-279.26 
millions in the first year it decreases to 2.54 to 140.90   
million taka in the next year with probability .08, there is 
20% chance in remaining the same profit range, 31% 
likelihood for increasing the profit to 279.26-417.62 million 
taka, 29% possibility to raise in 417.62-555.98 million taka 
and only 12% chance remaining to earn 555.98 million taka 
or more than 555.98 million taka in the next year.  
 
When the profit of GDLIC starts with 279.26-417.62 
million taka in the first year it decreases to (2.54)-140.90 

million taka in the next year with probability .20, there is 
32% chance in decreasing the profit range to 140.90-279.26 
million taka, 28% chance in remaining the same profit 
range, 15% possibility to raise in 417.62-555.98 million 
taka and only 5% chance remaining to earn 555.98 or more 
than 555.98 million taka in the next year. 
 
When the profit of GDLIC starts with 417.62-555.98 
million taka in the first year it decreases to (2.54)-140.90 
millions in the next year with probability .192, there is 17% 
chance in decreasing the profit range to 140.90-279.26 
million taka, 15% possibility to decrease in 279.26-417.62 
million taka, 23% chance in remaining the same profit 
range,   and only 9% chance remaining to earn 555.98 or 
more than 555.98 million taka in the next year. 
  
When the profit of GDLIC starts with 555.98 million taka or  
more than 555.98 million in the first year it decreases to 
(2.54)-140.90 millions in the next year with probability 
.000, there is 27% chance in decreasing the  profit range to 
140.90-279.26 million taka, 27% possibility to decrease  in 
279.26-417.62  million taka, 47% likelihood for decreasing 
the profit to 417.62-555.98 million taka,   and only 0% 
chance remaining to earn 555.98 or more than 555.98  
million taka in the next year. 
 

From the second order TP matrix in equation (13) we 
observed that the profit of GDLIC starts with 2.54 to 140.90 
million taka in the first year will be retain in the same range 
in the next year with probability .151, there is 23% chance 
to increase the profit range 140.90-279.26 million taka, 29% 
likelihood for increasing the profit to 279.26-417.62 million 
taka, 24% possibility to raise in 417.62-555.98 million taka 
and only 7% chances to earn 555.98 or more than 555.98 
million taka in the next year.  
 

When the profit of GDLIC starts with140.90-279.26 
millions in the first year it decreases to 2.54 to 140.90   
million taka in the next year with probability .143, there is 
24% chance in remaining the same profit range, 29% 
likelihood for increasing the profit to 279.26-417.62 million 
taka, 25% possibility to raise in 417.62-555.98 million taka 
and only 7% chance remaining to earn 555.98 million taka 
or more than 555.98 million taka in the next year.  
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When the profit of GDLIC starts with 279.26-417.62 
million taka in the first year it decreases to (2.54)-140.90 
million taka in the next year with probability .137, there is 
25% chance in decreasing the profit range to 140.90-279.26 
million taka, 29% chance in remaining the same profit 
range, 26% possibility to raise in 417.62-555.98 million 
taka and only 7% chance remaining to earn 555.98 or more 
than 555.98 million taka in the next year. 
 
When the profit of GDLIC starts with 417.62-555.98 
million taka in the first year it decreases to (2.54)-140.90 
millions in the next year with probability .144, there is 25% 
chance in decreasing the profit range to 140.90-279.26 
million taka, 29% possibility to decrease in 279.26-417.62 
million taka, 26% chance in remaining the same profit 
range,   and only 6% chance remaining to earn 555.98 or 
more than 555.98 million taka in the next year. 
 
When the profit of GDLIC starts with 555.98 million taka or 
more than 555.98 million in the first year it decreases to 
(2.54)-140.90 millions in the next year with probability 
.164, there is 22% chance in decreasing the profit range to 
140.90-279.26 million taka, 30% possibility to decrease in 
279.26-417.62 million taka, 22% likelihood for decreasing 
the profit to 417.62-555.98 million taka,   and only 9% 
chance remaining in the same profit range in the next year. 

 

 
 

From this convergence transition probability matrix in 
equation (15), we get the highest long run probability 29% 
is associated with the profit range 279.26-417.62 million 
taka, followed by 25% with 417.62-555.98 million taka, 
24% with 140.90-279.26, 14% with2.54-140.90 million taka 
and the minimum probability 7% associated with profit 
555.98 million taka or more million taka. 

Table 2.2.2: Classification of States in the profit of NLIC for Markov 
Chain Monte Carlo (MCMC) during 2010-2011 

 

Generated  profit range (Taka in 
millions) 

State 

(-581.73) - (-1183.74) 1 

(-1183.7404) - (214.2496) 2 

214.2496 - 1612.2396 3 

1612.2396 - 3010.2296 4 

≥4408.219 5 

 
 Transition matrix for the generated profit of NLIC in the 
second phase simulation is given below 

 
As a result, Transition probability (TP) matrix for NLIC 
using MCMC simulation during 2010-2011 is 

From this first TP matrix in equation (17) we observed that 
the profit of NLIC starts with (-581.73)-(-1183.74) million 
taka in the first year will be retain in the same range in the 
next year with probability .000, there is 0% chance in 
increase the profit to (-1183.7404)-214.2496 million taka, 
100% likelihood for increasing the profit to 214.2496-
1612.2396  million taka, 0% possibility to raise in 
1612.2396-3010.2296 million taka and only 0% chance to 
earn 4408.219 or more than 4408.219 million taka in the 
next year.  
 
When the profit of NLIC starts with (-1183.7404)-214.2496 
millions in the first year it decreases to (-581.73)-(-1183.74)  
million taka in the next year with probability .000, there is 
10% chance in remaining the same profit range, 10% 
likelihood for increasing the profit to 214.2496-1612.2396 
million taka, 10% possibility to raise in 1612.2396-
3010.2296 million taka and only 70% chance remaining to 
earn 4408.219 million taka or  more than 4408.219 million 
taka in the next year.  
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When the profit of NLIC starts with 214.2496-1612.2396 
million taka in the first year it decreases to (-581.73)-(-
1183.74) million taka in the next year with probability .000, 
there is 0% chance in decreasing the profit range to (-
1183.7404)-214.2496 million taka, 0% chance in remaining 
the same profit range, 50% possibility to raise in 1612.2396-
3010.2296 million taka and only 50% chance to earn 
4408.219 or more than 4408.219 million taka in the next 
year. 
When the profit of NLIC starts with 1612.2396-3010.2296 
million taka in the first year it decreases to (-581.73)-(-
1183.74) millions in the next year with probability .03, there 
is 3% chance in decreasing the profit range to (-1183.7404)-
214.2496 million taka, 23% possibility to decrease in 
214.2496-1612.2396 million taka, 26% chance in remaining 
the same profit range,   and only 45% chance to earn 
4408.219 or more than 4408.219 million taka in the next 
year. 
 
When the profit of NLIC starts with 4408.219 million taka 
or  more than 4408.219 millions in the first year it decreases 
to (-581.73)-(-1183.74) millions in the next year with 
probability .000, there is 17% chance in decreasing the  
profit range to (-1183.7404)-214.2496 million taka, 11% 
possibility to decrease  in 214.2496-1612.2396  million 
taka, 32% likelihood for decreasing the profit to 1612.2396-
3010.2296 million taka, and only 40% chance to remain in 
the same profit range in the next year. 

From the second order TP matrix in equation (18) we 
observed that the profit of NLIC starts with (-581.73)-(-
1183.74) million taka in the first year will be retain in the 
same range in the next year with probability .000, there is 
0% chance in increase the profit to (-1183.7404)-214.2496 
million taka, 0% likelihood for increasing the profit to 
214.2496-1612.2396  million taka, 50% possibility to raise 
in 1612.2396-3010.2296 million taka and only 50% chance 
to earn 4408 or more than 4408.219 million taka in the next 
year.  
 
When the profit of NLIC starts with (-1183.7404)-214.2496 
millions in the first year it decreases to (-581.73)-(-1183.74)  
million taka in the next year with probability .003, there is 
13% chance in remaining the same profit range, 11% 
likelihood for increasing the profit to 214.2496-1612.2396 
million taka, 31% possibility to raise in 1612.2396-

3010.2296 million taka and only 45% chance remaining to 
earn 4408.219 million taka or  more than 4408.219 million 
taka in the next year.  
 
When the profit of NLIC starts with 214.2496-1612.2396 
million taka in the first year it decreases to (-581.73)-(-
1183.74) million taka in the next year with probability .016, 
there is 10% chance in decreasing the profit range to (-
1183.7404)-214.2496 million taka, 17% chance in 
remaining the same profit range, 29% possibility to raise in 
1612.2396-3010.2296 million taka  and only 43% chance  to 
earn 4408.219 or more than 4408.219 million taka in the 
next year. 
 
When the profit of NLIC starts with 1612.2396-3010.2296 
million taka in the first year it decreases to (-581.73)-(-
1183.74) millions in the next year with probability .008, 
there is 9% chance in decreasing the profit range to (-
1183.7404)-214.2496 million taka, 14% possibility to 
decrease in 214.2496-1612.2396 million taka, 33% chance 
in remaining the same profit range, and only 43% chance to 
earn 4408.219 or more than 4408.219 million taka in the 
next year. 
 
When the profit of NLIC starts with 4408.219 million taka 
or more than 4408.219 millions in the first year it decreases 
to (-581.73)-(-1183.74) millions in the next year with 
probability .010, there is 9% chance in decreasing the profit 
range to (1183.7404)-214.2496 million taka, 13% 
possibility to decrease in 214.2496-1612.2396 million taka, 
28% likelihood for decreasing the profit to 1612.2396-
3010.2296 million taka, and only 48% chances to remain in 
the same profit range in the next year. 
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3: LONG RUN (OR LIMITING) PROBABILITIES 

From the convergence transition probability matrix in 

equation (5), we get the following long run probabilities 

 
Table 3.1: Long run probabilities for different state of profit of GDLIC 

using MC during 2008-2011. 

 

State probabilities Profit range 

 0.1794057 6-154 

 0.3182054 154-302 

 0.3188322 302-450 

 0.1448351 450-598 

 0.03872171 ≥598 

 
The highest long run probability 32% is associated with the 

profit range 154-302 and 302-450 million taka, followed by 

18% with 6-154 million taka, 14% with 450-598 million 

taka and the minimum probability 4% associated with profit 

598 million taka or more million taka. From the 

convergence transition probability matrix in equation (10), 

we get the following long run probabilities 
Table 3.2: Long run probabilities for different state of profit of NLIC using 

MC during 2010-2011 
 

State probabilities Profit range 

 0.1551616 (-156)-983.4 

 0.2028915 983.4-2122.8 

 0.331384 2122.8-3262.223 

 0.2146519 3262.223-4401.2 

 0.09591107 ≥4401.2 

 

The highest long run probability 33% is associated with the 
profit range 2122.8-3262.223 million taka, followed by 21% 
with 3262.223-4401.2 million taka, 20% with 983.4-2122.8 
million taka, 16% with 983.4-2122.8 million taka and the 
minimum probability 9% associated with profit 4401.2 
million taka or more million taka. From the convergence 
transition probability matrix in equation (15), we get the 
following long run probabilities 
 

Table 3.3: Long run probabilities for different state of profit of GDLIC 
using MCMC during 2008-2011. 

 
State probabilities Profit range 

 0.1446648 (2.54)-140.90 

 0.2413253 140.90-279.26 

 0.2900788 279.26-417.62 

 0.2510692 417.62-555.98 

 0.07286186 ≥555.98 
 

The highest long run probability 29% is associated with the 
profit range 279.26-417.62 million taka, followed by 25% 
with 417.62-555.98 million taka, 24% with 140.90-279.26, 
14% with2.54-140.90 million taka and the minimum 
probability 7% associated with profit 555.98 million taka or 
more million taka. From the convergence transition 
probability matrix in equation (20), we get the following 
long run probabilities. 
 
Table 3.4: Long run probabilities for different state of profit of NLIC using 

MCMC during 2010-2011. 

State probabilities Profit range 

 0.009708738 (-581.73)-(-1183.74) 

 0.09708738 (-1183.7404)-214.2496 

 0.1359223 214.2496-1612.2396 

 0.3009709 1612.2396-3010.2296 

 0.4563107 ≥4408.219 

 

The highest long run probability 45% is associated with the 
profit range 4408.219 million taka or more than 4408.219 
million taka, followed by 30% with 1612.2396-3010.2296 
million taka, 13% with 214.2496-1612.2396  million taka, 
9% with (-1183.7404)-214.2496 million taka and the 
minimum probability .009 associated with profit (-581.73)-
(-1183.74) million taka. 
 

4: GOODNESS-OF-FIT TEST FOR GENERATED 
OBSERVATIONS VIA METROPOLIS-HASTING 

ALGORITHM 
 
To ensure about the generated (by M-H algorithm) profit’s 

distribution, we use Kolmogorov-Smirnov test.  

: Generated data follows normal distribution,   

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 14 Issue 11 , November - 2025

IJERTV14IS110177 Page 10

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



: Generated data does not follow normal distribution.

     

At 5% level of significance we will test the above 
hypothesis 
 
Table 4.1: Two-sample Kolmogorov-Smirnov test for generated profit of 

GDLIC and  NLIC using M-H algorithm. 
 
Company Test Statistic p-value Decision 
GDLIC 0.0769 0.5696 The generated 

data comes 
from normal 
distribution. 

NLIC 0.2885 0.0003489 The generated 
data does not 
come from 
normal 
distribution 

 
5. CONCLUSIONS: 

 
From the transition probability matrix and long run 
probabilities, we have found that the highest long run 
probabilities in the separate profit range for the two different 
GDLIC and NLIC using MC simulation and MCMC 
simulation using M-H algorithm are different and finally the 
two sample Kolmogorov–Smirnov shows that for GDLIC, 
generated profit follows normal distribution but the 
generated profit of NLIC does not follows normal 
distribution. So on the basis of overall result, we can finally 
recommend that GDLIC is much more better for the policy 
makers in order to further more policy with the less risk 
compare to NLIC and company will be more benefited with 
their annual profit in case of Markov Chain Monte Carlo 
(MCMC) simulation using M-H algorithm than Markov 
Chain (MC) simulation. 
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