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ABSTRACT 

In today’s world, it becomes hard to choose the right decision depending on the overwhelming 

flow of the existing information. Therefore, this capstone report aims to assist the manager in 

his decision-making process. Since the decision process is controlled with a lot conditions and 

constraints that obstruct the manager from selecting the best alternative for his decision process, 

using a mathematical model becomes a must in order to come up with the best solution. 

Accordingly, this capstone project will suggest an efficient mathematical approach, Markov 

Chain Model, to optimize the decision process. It will also demonstrate the application of MCM 

to the decision process. At the end, I will design a suitable algorithm and implement the data in 

R software to get the optimized results; hence obtain the optimal decision.  
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Chapter I: Introduction  

1. Introduction: 

Using mathematical formulas to solve real life problems has always been one of the main goals 

of an engineer. Scientists come up with the abstract formulas and equations. On the other hand, 

engineers adopted them to explain a phenomenon, solve a real-life problem and help to develop 

their way of living. Consequently, the ultimate goal of any engineer is to enhance and improve 

the existing solutions and be able to apply them in real life.  

One of the famous mathematical concept that is applied abundantly in many field is the Markov 

Chain Model. Actually, the MCM is adopted in finance, statistics, speech recognition, 

bioinformatics, geology and even genetics as tool of optimization, explanation and evaluation. 

Those applications are a perfect proof of the significance of the applance of this tool to solve 

problems. 

In this capstone project, I will apply this advanced and widely used mathematical tool to 

optimize the decision-making process. The application of MCM in decision making process is 

referred to as Markov Decision Process. The aim of this project is to improve the decision-

making process in any given industry and make it easy for the manager to choose the best 

decision among many alternatives. Accordingly, the Markov Chain Model is operated to get the 

best alternative characterized by the maximum rewards.  

To tackle the topic in an efficient way and to deliver a profound analysis, I will track and 

elaborate on the following steps: First, I will start by introducing the Markov Chain Model and 

defining its different characteristics by given a general definition and formulas. Second, I will 

present the decision- making process in a managerial context. Moving on to a more specific 

application of the markov chain which is the MDP, I will explain all it properties in both finite 
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and infinite horizon. Then I will demonstrate the proper algorithm to implement the data. In 

addition, I will display the results and interpreted them by showing the optimal decision. 

 At the end of this study, I will demonstrate the advantage of using the Markov Chain Model 

and it main role to deliver an optimized solution though calculations and computations.  

2. Problem statement: 

The management component is massively present in many business fields like operation, 

logistics, marketing and finance. Consequently, the application of this feature can impact 

positively the company as it can impact it destructively. It all depends on the adopted tool 

used to serve the managerial objectives. For this reason, engineer and manager invest 

enormous amount of money to find a suitable approach that would optimize the decision-

making process. This capstone project aims to determine the optimal decision through using a 

noteworthy mathematical tool which the Markov chain Model.  

3. Objective: 

The main objective of the capstone project is to grasp different concepts related to the Markov 

Chain Model and be able to implement all the computations it in order to improve the 

decision-making process. Hence, this program will help any given management department to 

choose the optimal solution. 

The purpose behind optimizing the decision-making process is to: 

- Decrease the time spent on wrong decision-making process 

- Limit the amount of invested money 

- Diminish the unnecessary effort used in the wrong decision 

- Minimize the time period to attain a specific goal  
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4. Feasibility analysis: 

 After a deep research about the topic, I found some challenges that I may face in the 

implementation of this project. For this main reason, I conducted a feasibility analysis that 

would anticipate the different difficulties related to the topic this capstone project. As a I already 

mentioned, Markov chains model is applied to help manager enhance the decision-making 

process and assist the user to choose the best solution among many different alternatives. In 

order to implement the mathematical model, I will probably face the following challenges: 

1- Collecting the data: As we already know, the majority of industries do not deliver 

information about their companies due to confidentiality issues. As a result, I will 

certainly face a lot of problems in funding the appropriate data. 

2- Attribution of the right probabilities: Markov chains model is based on the stochastic 

probabilities of the occurrence of a specific event.  

Knowing that the use of the software is a must in my capstone project, I will definitely use the 

software R to execute the gotten data. The choice of this software can be justified with the fact 

that the Markov chains model uses matrices in the calculations to find the best solution and R 

obtains matrix and MDP libraries. 

5. Steeple Analysis 

This capstone project should go through STEEPLE analysis in order to evaluate and have an 

overview about it depending on different macro-environmental factors: 

5.1 Socio-cultural factor:  

Having an optimized decision-making process is beneficial not only for the corporate’s body 

and its customers, but also it is advantageous to every person applying this mathematical 

model. Using this method will diminish a lot of unnecessary efforts and reduce the amount of 
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time that a person wastes while searching for the best solution. All those qualities will aid the 

society to live comfortably and keep up with the fast world that we live in.  

5.2 Technological factor  

In the 21th century, it’s extremely significant to adapt a software to the realization of any 

project. Since computers and smart phones are heavily present in our daily lives, we must 

consider designing an algorithm of MDP and execute it using a programming software. 

Therefore, in this capstone project, I will implement the markov chain model application in 

decision process using the software R in order to have a precise and accurate results. 

5.3 Economical factor 

The main objective of this study is to optimize the decision-making process. Put it differently, 

Markov chain model will decrease the cost due to bad decision-making and it will increase the 

profitability of the company. Hence, it will also impact the economy of the whole country by 

lowering the unwanted expenses and investing it in other rewarding fields. 

5.4 Environmental factor 

By optimizing the decision-making process, the user of the MDP will consequently diminish 

the use of resources. Let’s take the example of multinational; if those companies apply this 

managerial tool, the amount of wastes like water, electricity, papers will decrease. As a result, 

we will live in minimalist environment that consumes less resources. 

5.5 Political factor 

Political parties and governmental institution can also apply this tool in order to analyze the 

consequences of their decisions. Approaching MDP in their studies can be constructive not 
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only for the authorities but also for the country as a whole. Furthermore, it helps enormously 

the development of the country. 

5.6 Legislative factor 

The use of markov chain model and it application in the decision-making process is not 

considered illegal since it does not harm any party. On the contrary, it has a lot of advantages 

and benefits to the country in so many levels. 

5.7 Ethical factor 

Markov chain model is considered as an ethical approach already used in many fields. It helps 

have a clear understanding of the managerial processes and diminish the chance of any type of 

ambiguity. Consequently, MDP helps the manager to obtain an ethical, clear and transparent 

proposed solution. 
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Chapter II: Literature review 

1. Decision Process 

1.1 The Importance of Decision Process 

The decision process is significantly applied concept in basically every field regardless of the 

type of the industry. Actually, the decision-making process assists the manager and helps him 

choose the best alternatives among many. This tool has a lot of advantages that makes it 

employed heavily by all managers. It saves the company a lot of time, effort and money while 

operating it. Moreover, it optimizes the use of the resources and limit the amount of wastes. 

On the hand, the decision-making process is not applicable only in the business filed, it can be 

expanded to different other fields. 

1.2 Decision process steps  

According to a professor in Concordia University, he stated that “There exist six main steps in 

the decision- making process: identify the decision, gather the information, identify the 

alternatives, weigh the evidence, choose among the alternatives, and take action” [1] 

Identify the decision: First, we need to understand the decision made by the manager, and 

also recognize the wanted consequences caused by that specific decision. In Markov Decision 

Process, we will evaluate the decision process through a finite horizon. In other words, it 

means that the evaluation of the decision process will be at a specific ending point. By 

accomplishing this first step, the manager has a clear and transparent idea about the purpose 

of the decision process.   

Gather the information: In this case of markov decision process, the type of information 

gathered should be in terms of transitive probabilities. Usually those probabilities are gotten 

from historical data given by the company. Those probabilities cannot be gather by a 
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completely outsider of the company. In order to have this type of information, we need an 

expertise that knows everything about the decision-making process and how actions affect 

other actions.  

Identifying alternative: In order to find the best alternatives, the other options/decisions 

should be taken under consideration and identified. In the Markov Decision Process, we will 

adapt the infinite horizon approach to come up with all the outcomes of each decision. Then, 

we will choose from the multiple identified alternatives the optimal decision that delivers a 

maximum range of rewards. 

Weigh the evidence: In this capstone project, the method that will generate the best 

alternative is the markov chain model application in decision process. I will use two different 

processes (infinite and finite horizon) to come up with the best alternative. 

Choose among alternative: The Markov decision process program will deliver the best 

decision so that the manager will choose it in order to optimize the resources, time and effort.   

Take action: This last step is when the manager actually applies the decision and collect good 

outcomes from it. 

2. Markov Chain Model 

The Markov Chain Model is a mathematical method operated in many fields including 

decision making process. As a result, before getting to the application of Markov Chain 

Model, the understanding of all the theoretical concepts and formulas related to MCR 

becomes a must.  
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2.1 Markov chain model 

When a stochastic process is constituted from a finite or infinite number of steps that are 

continuous and connected to one another, this process can me express as a Markov chain 

reward (MCR). There exist many criteria that characterize the markov chain model, but the 

main ones are the following: 

- The process is said to be in a state i at time n [2] 

- We suppose that whenever the process is in state i, there is a fixed probability Pij (the 

process will make a transition into j when it is in state i) [2] 

In other words, the present state is dependent only the future and present states and not the 

past state. The formula used to express the markov chain model is: 

𝑃𝑖𝑗 = 𝑃{𝑋𝑛+1 = 𝑗 |𝑋𝑛 = 𝑖 , 𝑋𝑛−1 = 𝑖𝑛−1 , … … , 𝑋1 = 𝑖1 , 𝑋0 = 𝑖0 }               [2] 

𝑃𝑖𝑗 ≥ 0 ,       𝑖, 𝑗 ≥ 0 ;  ∑ 𝑃𝑖𝑗 = 1∞
𝑗=0 ,        𝑖 = 0,1, … ..                 [2] 

2.2 Chapman – Kolmogorov equation 

Moving on to the Chapman – Kolmogorov equation, it was proven that in markov chain 

model, we can actually move from the one-step transition probability 𝑃𝑖𝑗 to n- step transition 

probability 𝑃𝑖𝑗
𝑛.  

𝑃𝑖𝑗
𝑛+𝑚 = ∑ 𝑃𝑘𝑗

𝑛𝑃𝑖𝑘
𝑚               ∞

𝑘=0 [1] 

Using this formula, we will succeed in having the probability in n-step from now. As a matter 

of fact, most of the time we don’t have all the data to predict what will happen in the future. 

Hence the Chapman – Kolmogorov equation is used due to lack or incomplete range of 

information.  
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2.3 Classification of states  

As mentioned earlier, MCM is a sequential process that consists of many steps. In order for 

those steps to be considered as Markov Chain states, they should respect all the following 

three conditions: 

1) “State i communicates itself” [2] 

2) “If state i communicates with state j, then j communicates with state i.” [2] 

3) “If state i communicates with state j, and j communicates with state k, then i 

communicates with state k.” [2] 

Therefore, Markov chains steps are reflective, symmetric and transitive. Those are the main 

properties that characterize the states of a markov chain model and make it accessible to each 

other. 

2.4 Limiting probabilities  

The Chapman – Kolmogorov equation helped in computing n-step transition. However, in this 

capstone study, calculating infinite number of transitional step is essential in order to test the 

limiting probabilities. Computing those infinite probabilities provide with the optimized 

probability that will occur for infinite states.  

It was found that as long as we increase the power of the probability the probabilities became 

quite identical to each other. As   𝑛   → ∞   we found that  Pn  ≈ Pn+1 

So, the theorem of limiting probabilities is: 

We know that  

𝜋𝑗 = lim
𝑛→∞

𝑃𝑖𝑗
𝑛       , 𝑗 ≥ 0[2] 
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then, 

𝜋𝑗 = ∑ 𝜋𝑖
∞
𝑖=0 𝑃𝑖𝑗      , 𝑗 ≥ 0[2] 

and 

∑ 𝜋𝑗 = 1∞
𝑗=0       [2] 

with 𝜋𝑗  is the limiting probability  

Following this theorem, we can actually find the probability of infinite step without actually 

calculating it. So, this theorem facilitates the computation and aid getting the limiting 

probability depending only on one step transition markov chain. 

3. Markov chain model’s application in decision making process 

Markov chain is applied in many fields like: financial stocks, biology modelling, statistics and 

many more other domains. Nevertheless, in this capstone project, I will focus on the 

application of markov chain model application in decision process often called MDP. MDP is 

an abbreviation of Markov Decision Process.  

The main objective of using the markov chain model in decision process is to enhance the 

decision-making in a process and to deliver the optimized alternative among two or more 

other solutions. On the other hand, this type of mathematical approach cannot be adapted to 

every kind of managerial processes. For this reason, there exist many assumptions that should 

be taken under consideration while using the Markov chain model. [3]  

3.1 Key Assumptions: 

- Transitional sequence of steps: It means that each state in the process is dependent of 

its following state. Those transitional sequences that constitute the process can be a 

one step or multiple steps. It all depends on the different condition in a given decision 

making problem. [3] 
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- Stochastic probability: It means that the probabilities are placed randomly based on 

the historical data of the company. There is not a law that generalize those 

probabilities for all companies. [2] 

- Stationary distribution: This condition is significant because we assume that the 

probabilities remains constant and do not alter with the evolution of time [4]. For this 

reason, we use the MDP for infinite horizon.  

- The unichain or multichain condition: The MDP can be employed either as unichain or 

multichain. Unichain refers to the fact that every policy will lead to only one result 

while multichain means that that the outcomes of the policy are multiple [2]. So, in 

this capstone project, the transitional matrix can have both condition.  

- Recurrent: In this capstone project, we will assume that the MDP is recurrent. In other 

words, we cannot move between states and go back to the beginning. The ergodic 

Markov Chain implies that every state is leading to specific one or more states. [5]  

3.2 Properties of MDP: 

Markov chain process is characterized by many properties that we should define and 

understand them. This identification of those concepts will ease the process of our study. 

- Decisions (d): In a process, there is many states that we number from 1 to n. In each of 

these states, there can be one of multiple decisions. [3] 

- Policy: It is the rule that constrains a set of decisions. [3] 

- Rewards (q): For each decision, there is a corresponding outcome which is called a 

reward [3] 

-  The salvage values v(T): also called the iteration value. It’s the policy that delivers the 
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optimized decision for a given state by expanding the reward. [3] 

3.3 MDP application: 

I choose an example in the management department that all company face worldwide. The 

aim of this study is to aid the management departments find the optimal decision regardless of 

the type of industry they belong in. 

 I choose this example since it is display perfectly the importance of application of MCM in 

decision process. First things first, the manager needs to organize the data and the different 

actions that he is willing to do in a table and attribute for each state its decisions, actions and 

for each of those elements their corresponding rewards. 

To understand, here is a table that summarizes different decisions for different states: 
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States (i) Decisions (d) Action  Rewards (q) 

1 1 Maintain equipment and machinery  -$10,000 

2 Going private   -$15,000 

3 Organizing an event -$5,000  

4 Logistical expenses -$ 1,000 

2 1 Investing in other projects $100,000 

2 Benefiting from strategies $30,000 

3 Selling old equipment $25,000 

4 Gaining from services $10,000 

3 1 Hiring a consulting agent  -$10,000 

2 Advertisement campaign  -$70,000 

3 Employee’s insurance  -$20,000 

4 Improving services  -$5,000 

4 1 Limit number of employees $25,000 

2 Diminish the employees’ financial assistance $40,000 

3 Investing in stock $20,000 

4 Limiting unnecessary expenses $5,000 

 

Table 1: Example of MDP in Monthly Sales 

Then, the manager should translate the above table into a transition matrix such that each 

decision has a probability of occurrence. The row represents the state i and their decisions d 

whereas the columns refers to j such that  

∑ 𝑃𝑖𝑗 = 1𝑛
𝑗=1              [3] 
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All the probabilities that are in the markov chain transition matrix should respect the 

following condition: 

𝑃𝑖𝑗
𝑘 = 𝑃(𝑋𝑛+1 = 𝑗|𝑋𝑛 = 𝑖 ∩ 𝑑(𝑛) = 𝑘)        [3] 

So, the transition matrix that has two states (i) and for each state there is two decisions k 

becomes: 

P=

[
 
 
 
 
𝑃11

1 𝑃12
1

𝑃11
2 𝑃12

2

𝑃21
1 𝑃22

1

𝑃21
2 𝑃22

2 ]
 
 
 
 

     [3] 

 

The decision matrix with N is number of decision, 

𝑑(𝑛) = [

𝑑1(𝑛)
𝑑2(𝑛)

⋮

𝑑𝑁(𝑛)

]  [3] 

And the reward matrix shows the reward output of each decision  

𝑞 = [
𝑞1

1

⋮

𝑞𝑖
𝑘
] [3] 

Therefore, the transformation of this matrix into a recurrent MDP is essential in order to 

evaluate the decision-making process. The assessment procedure will be conducted over two 

different approaches: Finite and infinite horizon. 
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3.3.1 Finite Horizon 

The manager can use this approach when he does know the end of the decision process for 

this example: the end of the monthly sales. According to the accumulative expertise and 

general knowledge about the sale process, the manager can predict the approximate time in 

which the sales will come to end. This time period represents the stopping criteria of the 

decision process.  

In a finite horizon, we also apply an important concept which is iteration value. This concept 

refers to the vector that helps finding the optimal decision.  

The formula of the iteration value is the following: 

𝑣𝑖(𝑛) = 𝑚𝑎𝑥 [𝑞𝑖
𝑘 + ∑𝑃𝑖𝑗

𝑘

𝑁

𝑗=1

𝑣𝑗(𝑛 + 1)] 

𝑓𝑜𝑟 𝑛 = 0,1,… , 𝑇 − 1 𝑎𝑛𝑑 𝑖 = 0,1,… , 𝑁         [3] 

Therefore, each decision for each state is characterized by an iteration value 𝑣𝑖(𝑛). This latter 

indicates the optimal decision in each state. Since 𝑣𝑖(𝑛) is a max function, it means that the 

decision that provides with the highest value is actually the iteration value. 

Using this formula, the optimal decision for each month sale is delivered. The procedure of 

the finite horizon method starts by the last month and goes backwards. The stopping criteria 

n=s able the manager to set 𝑣𝑖(𝑠) = 0.  

Thanks to this weighty result, the manager obtains the iteration value of the preceding month 

s-1. As a result, 
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𝑣𝑖(𝑠 − 1) = 𝑚𝑎𝑥[𝑞𝑖
𝑘 + ∑ 𝑃𝑖𝑗

𝑘𝑁
𝑗=1 𝑣𝑗(𝑠)] [3] 

and since 

 𝑣𝑖(𝑠) = 0 [3] 

we get, 

 𝑣𝑖(𝑠 − 1) = 𝑚𝑎𝑥[𝑞𝑖
𝑘]  [3] 

From this last result, we get the value of 𝑣𝑖(𝑠 − 1) that would help us compute 𝑣𝑖(𝑠 − 2)  

Then we will use the formula 𝑣𝑖(𝑛) = 𝑚𝑎𝑥[𝑞𝑖
𝑘 + ∑ 𝑃𝑖𝑗

𝑘𝑁
𝑗=1 𝑣𝑗(𝑛 + 1)] to find the other 

iteration values for each state until we get to  𝑣𝑖(0) when n=0 

At the end of those calculations, the manager will end up with the optimal decisions for each 

state and for every month before the ending month.  

This method is efficient to find the optimal decision for each period rather than having one 

optimal decision for all time periods. 

3.3.2 Infinite Horizon  

This approach is much easy and simple compared to the previous one; yet it’s not the best one 

among the two approaches. It’s used when the manager is incapable to determine the ending 

point of the sales of a given company due to lack of information. 

Hence, the method of infinite horizon generates all the possible decisions vectors that could 

exist. This step is called Exhaustive Enumeration. To find the number of all possible policies, 

we calculate the multiplication of all the decision of all the state included in the transition 
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matrix.  

Let’s take an example that has 4 states, the first one has 3 decisions and the other 3 states have 

2 decision each. The number of possible policies is r = 3*2*2*2  

As a result, the 24 possible policies are:

 [3] 

Figure 1 Exhaustive Enumeration of the 24 policies 

Then we calculate the limiting probability and the gain index for each decision in the 

exhaustive enumeration of decision vectors. 

As seen earlier, the calculation of the limiting probability is done through the formula         

𝜋𝑗 = ∑ 𝜋𝑖
∞
𝑖=0 𝑃𝑖𝑗  , so we will find a limiting probability for each decision in the exhaustive 

enumeration.  

The gain value: 

The gain value is an index that refers to the benefit that the decision will have at the end of the 

process. The markov chain model aids us to obtain such information at the end of the 
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calculation. 

The gain value is computed using the following formula  

𝑔 = 𝜋𝑗 ∗ 𝑞   [3] 

At the end of the calculations, the infinite horizon approach will have 24 gain values. In order 

to obtain the optimal decision, the manager will choose the decision that delivers the highest 

gain value among the remaining 24 gain values. 
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Chapter III: Methodology and Data 

1. Methodology  

The purpose of the study is to apply the Markov chain model in decision-making process. 

Thus, I will employ all the concepts, properties, and theorems mentioned earlier in order to 

realize the MDP and assist the manager find the optimal policy for his corresponding 

decision-making process.  

To understand the MDP concept, I will evaluate two completely different examples using to 

Markov chain model. Both of those illustrations are under the umbrella of decision making 

process. In addition, they respect all the key assumptions that characterize the markov chain 

model.  

The two application examples that I work with in this capstone project are: 

- Application of MDP in gaming  

- Application of MDP in monthly sales  

The choice of those two models can be explained due to the fact that they are the main fields 

in decision- making process. Therefore, applying the Markov chain concept to them will ease 

the employment of MDP and make it accessible for a majority of management departments 

regardless of the type of industry they belong to. 

2. Data  

The Markov chain model operates with two different type of data. As seen earlier, there is the 

probability set of data and there is the reward set of data. Those two kinds of data serve the 

MDP in order to deliver the optimal policy.  
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In order to get those data, the user of the MDP relies most of the time on the historical 

information or his expertise. The probabilities and rewards set of data are different from one 

company to another. They depend enormously on a large range of criteria that distinguish that 

specific industry and company.  

2.1 Data of the gaming example  

On one hand, I will work on application of MDP in gaming, in which I will use a simple 

transition probability matrix that describes all the gaming criteria and it corresponding reward 

matrix. I got the data from a website [6] that describes the four states with their probabilities. 

The aim of this example is to comprehend the decision-making process in a different context 

compared to the one inside a corporate.   

2.1 Data of the monthly sales example  

On the other hand, I will work on application of MDP in monthly sales. In this example, I will 

adopt a much-complicated transition matrix and apply the MDP concepts to it. Due to 

confidentiality issue, I could not get the probabilities that describe the monthly sales. For this 

reason, I will design a standard transition matrix that any given company can fill it with the 

appropriate set of data and get the optimal decision at the end.  

3. Software Used  

In this capstone project, I will implement the MDP in the software of R. 

3.1 Why choosing “R”? 

The reasons that explain my software choice are: 

- R is a free programming platform that is accessible for a large range of user.   
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-R is used by many companies worldwide, as a result the majority of management 

departments are familiar with this programming software. 

- R contains matrices and probabilities library. Moreover, it has a “MDPboxtool” package. 

Those two features facilitate the implementation of MDP. 

3.2 The packages/libraries used   

In the implementation, I installed and executed two different packages that are: 

- MDPtoolbox: This library able me to apply a large variety of functions related to the Markov 

Chain application on decision process. 

- ggplot2: This library is heavily implemented in R. The user will use it to plot the probability 

graph. 

3.3 The function used  

From the libraries mentioned above, I used many function to execute the program. Those 

function helped me a lot to deliver the best output to the user. The functions implemented in 

the program are: 

- Matrix function: allow the user to set the transition matrix  

-List function: able the user to organize all the state to form a final transition matrix  

- rbind function: helps organizing and combine different element one variable. 

-mdp_check: thanks to this function, the user can check whether or not the matrix respect all 

the properties of a markov chain  

- mdp_value_iteration: the program does all the calculation and generates the iteration value 
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-policy function: after finding the iteration value, the program translates to it according policy 

which the optimal decision in infinite horizon. 

-mdp_finite_horizon: This function is adopted to find the optimal decision in finite horizon. 

Actually, one of the parameter inside the function is the stop criteria (n) which means that the 

decision process will stop in n time. 

-ggplot function: this function helps the user to plot all the probabilities inside the matrix.  

All those functions help the user to find the optimal decision in both finite and infinite 

horizon. 

4. Algorithm of the MDP 

The algorithm that I chose to implement the MDP and give the optimal decision as an output 

is the following: 

- Step1: Define the states and the corresponding actions involved in the decision-making 

process  

- Step2: Attribute the appropriate probabilities respecting the transition laws and 

properties stetted by the markov chain model.  

- Step3: Find the real valued-reward matrix of the decisions in the transition matrix  

- Step4: Run the software using both infinite and finite horizon approaches  

• Calculating the value iteration for finite horizon and infinite horizon  

• Initialize with the stopping value in which 𝑣𝑖(𝑠) = 0.Then use a decreasing loop 

for all preceding s time period using the mdp_finite_horizon function  
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• Computing the gain and the limiting probabilities for infinite horizon using the 

mdp_finite_horizon function 

- Step5: Print the output which is the optimal decision  

To illustrate the algorithm of the MDP, here is a flowchart of the same algorithm  

 

Figure 2: Graph displaying the algorithm adopted for MDP 

This flowchart demonstrates the all steps included to design the markov chain model. 
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Chapter IV: Implementation and results 

1. Application of MDP in Gaming 

1.1 Explanation of the gaming application: 

The choice of choosing gaming as an application of the markov decision process can be 

explained due to the fact that it is a clear and simple application. Thanks to this example, the 

user can easily understand the MDP and apply it to any situation related to the decision 

process.  

In this application, we supposed that there are 4 different states and for each state there is 4 

possible decisions (up, down, left, and right). Therefore, the transition matrix will be 

composed of four main process states and in each state, there will be 4 according decisions. 

On the other hand, I also added other constraints to justify to the probabilities in the transition 

matrix.  

In order to illustrate this example, here is schema that summarizes the application of MDP in 

gaming: 

 

Figure 3: Schema illustrating all states and decision in the gaming example 
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Therefore, the main objective of this MDP program is that it should follow an optimal 

decision in order to go from states 1 to state 4 and generate the maximum rewards.  

One of the constraint is that the player cannot go to state from state 1 to state 4. Moreover, 

there is rewards depending on each decision he made. The following table will summarize all 

the probabilities that of moving from on state to another for each made decision  

For the decision matrix  

1-> UP,  2->LEFT,  3->DOWN,   4->RIGHT 

States (i) Decision 

(d)  

Probabilities (p) Rewards 

(q) 

State 1 1 1 0 0 0 -2 

2 0.9 0.1 0 0 -3 

3 0.3 0.7 0 0 -4 

4 0.9 0.1 0 0 40 

State 2 1 0.7 0.2 0.1 0 -2 

2 0.9 0.1 0 0 -3 

3 0 0.9 0.1 0 -4 

4 0.1 0.2 0.7 0 40 

State 3  1 0 0.1 0.2 0 -2 

2 0 0.7 0.2 0.1 -3 

3 0 0.1 0.9 0 -4 

4 0 0 0.9 0.1 40 

State 4 1 0 0 0 1 -2 

2 0 0 0.1 0.9 -3 

3 0 0 0.7 0.3 -4 

4 0 0 0.1 0.9 40 

 

Table2: The transitive probability and the rewards of the gaming example   [6] 
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In state 1, there 100% probability that the player will stay in the same state. Moreover, if he 

wants to go left, there is 90% that he will stay to the same state (state1) and 10% that he will 

go (left). Whereas, if the player wants to down from state 1, there is 30% probability that he 

will stay same state (state1) and 70% that he will go left. In addition, if the player wants to go 

right, there is 90% probability that he will end up in the same state (state1) and 10% that he 

will go left. This logic is applied to all states. 

In state 2, of the player wants to go up; there 70% that the player goes up, and 20% he will 

stay in state 2 and 10 % he will go down. If the player wants to go left, there is 90% that he 

will go up, 10% that he will go down. If the player wants to go down, there is 90% that he will 

go left and 10% that he will go left. If the player wants to go right, there is 10% that he will go 

up, 20% that he will go left and 70% that he will go down.  

This logic is applied to all states. 

For the rewards matrix, we can notice that going ‘up’ will deduct 2 points from the player. If 

the play goes left, another 3 points will be deducted. If the player goes down, the amount of 

point that will be subtracted is 4. Yet, the player will gain 40 points if he goes right. 

To understand the behavior of those probabilities in term of states, here is a graph that 

displays the probabilities: 
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Figure 4:  Scatter plot of the transitive probabilities of the gaming example 

1.2 Implementation in R  

First, the probability for each decision are assign to a matrix that carry the name of the 

decision using the matrix function.  

The matrix of the up decisions is  
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The matrix of the left decisions is  

 

The matrix of the down decisions is  

 

The matrix of the right decisions is  

 

The reward matrix of those decisions is  

 

Then, we organize all the decision matrices into a list using the list function  

 

we use the function the mdp_check to check the validity of both the transition matrix and the 

reward matrix 
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and at last we use the mdp_value_iteration to find the optimal decision that aims to maximize 

the rewards 

 

Then, we take the value of m in order to generate its value, name and reward matrix. 

 

1.3 Results  

After implementing this code, the R software delivered the following results: 

- The programming software displayed the four matrices of the four decisions  
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- Display the reward matrix 

 

- Check the MDP matrix  

 

- Generate the value iteration  

 

1.4 Interpretation  

From the result, we found the number 1 that refer to the validity of the transition and the 

reward matrix (Pr, and R). 

The optimal decision is 3 -> 4 -> 1 -> 1. In other words, the player need to choose the third 

decision in state 1, the fourth one in state 2, and the first one in the reminding 3 and 4 state.  

The software R generated the according name of the decisions: 

So, the player should go down, right, up, and finally up in order to generate the maximum 

rewards.  



39 

The iteration value that allow us to have this particular optimal decision is shown using m$V. 

Those value are the iteration values for each decision. 

2. Application of MDP in monthly sales  

2.1 Explanation of monthly sales  

The MDP can be used in different management fields and it has a lot of positives advantages 

in choosing the right decision. As a result, I chose to apply the MDP in a purely management 

context which is monthly sales. Moreover, I will adopt two approaches finite and infinite 

horizon to evaluate to given situation.  

First the manager should shape the states according to the importance of the state and 

respecting the transition properties of the Markov Chain Model. Then, he should assign for 

each decision its reward. In this example, the rewards are usually in the form of amount of 

money. In other words, the reward is the gain or the loss in terms of money caused by 

choosing that particular decision.  

In the application of monthly sales, I will use the example mentioned earlier summarized in 

table 1.  So, the manager should organize the decision and assign for each decision it 

according reward. 

For state 1: 

  

 

 

Table 3: The decisions of state 1 of the monthly sales example and their rewards  

Maintain equipment and machinery  -$10,000 

Going private   -$15,000 

Organizing an event -$5,000  

Logistical expenses -$ 1,000 
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State 2: 

Investing in other projects $100,000 

Benefiting from strategies $30,000 

Selling old equipment $25,000 

Gaining from services $10,000 

 

Table 4: The decisions of state 2 of the monthly sales example and their rewards 

State 3: 

Hiring a consulting agent  -$10,000 

Advertisement campaign  -$70,000 

Employee’s insurance  -$20,000 

Improving services  -$5,000 

 

Table 5: The decisions of state 3 of the monthly sales example and their rewards 

State 4 

Limit number of employees $25,000 

Diminish the employees’ financial assistance $40,000 

Investing in stock $20,000 

Limiting unnecessary expenses $5,000 

 

Table 6: The decisions of state 4 of the monthly sales example and their rewards 
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We suppose that we cannot go to state i without passing through state i-1. Since this criterion 

is fundamental to the markov chain model.  

After organizing the decisions and listing the rewards, the manager needs to assign the 

probability matrix for each state. 

 

Table 7: The transitive probability and the rewards of the monthly sales example 

 

 

 

States (i) Decision 

(d)  

Probabilities (p) Rewards 

(q) 

State 1 1 0.10 0.4 0.4 0.1 -$10,000 

2 0.25 0.3 0.35 0.1  -$15,000 

3 0.05 0.65 0.25 0.05 -$5,000  

4 0.05 0.2 0.40 0.35 -$ 1,000 

State 2 1 0.4 0.1 0.1 0.3 $100,000 

2 0.3 0.4 0.25 0.05 $30,000 

3 0.05 0.25 0.5 0.2 $25,000 

4 0 0.1 0.3 0.6 $10,000 

State 3  1 0.60 0.3 0.05 0 -$10,000 

2 0.45 0.05 0.2 0.3 -$70,000 

3 0.8 0.05 0.05 0.1 -$20,000 

4 0.05 0.05 0.7 0.2 -$5,000 

State 4 1 0.30 0.6 0.05 0.05 $25,000 

2 0.5  0.25 0.25 0 $40,000 

3 0.3 0.1 0.4 0.2 $20,000 

4 0.8 0.05 0.05 0.1 $5,000 
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In state 1: 

-The probability of choosing decision 1(Maintain equipment and machinery) in state 1 is 10%, 

choosing it in state 2 is 40% and finally the probability of choosing it state 3 is 40% 

-The probability of choosing decision 2 (Going private) in state 1 is 25%, choosing it in state 

2 is 30% and choosing it in state 3 is 35%, and choosing it in state 4 is 10%.  

- The probability of choosing decision 3(Organizing an event) in state 1 is 5%, the probability 

of choosing it in state 2 is 65%, and the probability of choosing it in state 3 is 25% and last the 

probability of choosing it in state 4 is 5% 

- The probability of choosing decision 4 (Logistical expenses) in state 1 is 5%, the probability 

of choosing it in state 2 is 20%, and the probability of choosing it in state 3 is 40% and last the 

probability of choosing it in state 4 is 35%. 

This logic goes for all the other 3 remaining states. 

To understand the behavior of those probabilities in term of states, here is a graph that 

describes the probabilities: 
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Figure 5:  Scatter plot of the transitive probabilities of the monthly sales 

2.2 Implementation of the monthly sales: 

First, the probabilities of the same decision are assigned to a matrix the matrix function.  

The matrix of the all the first decisions is  
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The matrix of the all the second decisions is  

 

The matrix of the all the third decisions is  

 

The matrix of the all the fourth decisions is  

 

The reward matrix of those decision is  

 

Then, we organize all the decision matrices into a list using the list function  

 

we use the function the mdp_check to check the validity of both the transition matrix and the 

reward matrix 
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and at last we use the mdp_value_iteration to find the optimal decision that aims to maximize 

the rewards 

 

Then, we take the value of m in order to generate its value, name and reward matrix. 

 

we also look for the optimal decision in finite horizon with the stopping criteria is 10 months  

 

2.3 Results 

After implementing this code, the R software delivered the following results: 

- The programming software displayed the four matrices of the four decisions matrices 

 

 



46 

 

- Display the reward matrix  

 

- Check the MDP matrix  

 

- Generate the value iteration and the optimal decision for infinite horizon  

 

- The value iteration for infinite horizon (the stopping criteria is 10 months) 
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- The optimal decision for finite horizon (the stopping criteria is 10 months). 

 

2.4 Interpretation  

For infinite horizon, I found that the optimal solution is 3 –> 1–> 1–> 1. This result means 

that the sale manager should choose the third decision in state 1, the first decision in state 2, 

the first decision in state 3 and also the first decision in state 4.  

However; for finite horizon, we set the stopping criteria to be 10 months so we got for every 

month it optimal decision. As we can notice, the optimal decision is the same 3 –> 1–> 1–> 1 

for the nine months except for the last month in which the optimal decision is 4 –> 1–> 4–> 2. 

The finite horizon approach is much more precise and accurate compared to the infinite 

horizon. Therefore, it is strongly recommended to use the finite horizon method to have more 

exact and reliable results. Yet, the infinite method is also valid in case the manager does not 

enough information concerning the end of decision process. 
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Chapter V: Conclusion & Future work  

1. Conclusion 

From the displayed outputs, it becomes clear that the markov decision process is an efficient 

and reliable method. Thanks to it, the user can easily spot the optimal decision and achieve the 

main goal which is maximizing the rewards. This capstone project employs the MCM into 

two different fields where the decision process is used enormously: gamming and 

management sales. The aim behind the adoption of these two examples is to demonstrate the 

role Markov Chain in decision process.  

Nevertheless, there are some limitations to the use of the MDP. In order to apply this 

approach, the user needs to verify the key assumptions mentioned earlier that included 

stationary distribution, transitional sequence, stochastic probabilities. Without the respect of 

those rules, the manager cannot operate its decision process using the MDP.  

2. Future work  

The flow of information that exist in today’s world is tremendous and overwhelming. In order 

to keep up with those large numbers the Markov decision process needs to be expanded to the 

world of big data.  

Since the markov chain model goes under the umbrella of data mining, the MDP containing 

large number of information can be implemented to deliver the best alternative. However; a 

new algorithm and software should be designed to satisfy the characteristics of big data. 

Moreover, limiting the percentage of error and verify the validity of the optimal decision are 

the major criteria that should be taken under consideration while implementing big data in the 

MDP. 
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Appendix A:  

The code of the application of MDP in gaming 
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Appendix B:  

The code of the application of MDP in monthly sales 
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