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Abstract 
 
The project has as task, if possible, to predict the stock market by assuming 
that it behaves like a Markov chain. To accomplish this, Markov chains of 
order one, two and three are used. All the observed stocks are considered as 
up- or downgoing at closing. This leaves the Markov chain with two possible 
states. Both daily and weekly reports occur. A program is constructed to be 
able to generate hints on how the stock price is going to change in the future. 
The program which does these calculations also tests itself to see the 
proportion of correct hints, i.e. how efficient the program is. The efficiency is 
measured in two made-up constants, the GJ constant and the J constant. The 
program in use is Matlab. 
 
Keywords: Markov chain, higher order, two states, self-test, Matlab. 



  

Sammanfattning 
 
Detta projekt handlar om att, om möjligt, predicera börsen genom att anta att 
den beter sig som en Markovkedja. Genom att göra detta används 
Markovkedjor av ordning ett, två och tre. Börsen iakttas som upp- eller ned-
gång vid stängning vilket gör att Markovkedjan har två tillstånd. Det finns 
både dagliga rapporter och sådana som sträcker sig över en vecka. Ett program 
är konstruerat för att kunna ge tips för hur kursen rör sig i framtiden. 
Programmet som gör beräkningarna testar även sig själv för att se hur stor del 
av gissningarna som stämde, dvs. hur effektivt programmet är. Effektiviteten 
sammanfattas i två olika uttänkta konstanter, GJ-konstanten och J-konstanten. 
Beräkningshjälpmedel är Matlab.  
 
Nyckelord: Markovkedja, högre ordning, två tillstånd, självkontroll, Matlab. 
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Introduction 
In this report one will find out what happens when the stock index is described 
and predicted with the assumption that it’s a Markov chain. This will be done 
using different Markov chains with first order, but also higher. The higher 
orders that are used are the second and the third order. This is necessary to 
obtain several transition matrices which will be compared and tested. With the 
results from these tests the construction of the chain can be optimized. One 
will be able to see what order had best success and then be able to use that 
specific order. It´s also possible to use one of the constants (GJ or J) that both 
are conceived by Gustaf and Jesper. One has to note that both of the constants 
use all three orders. 
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1 Theory 

The theory that is used in this project is the theory of the Markov model, also 
known as Markov chain or Markov process. The Markov model is a 
mathematical system that came from the founder Alexander Markov [1]. It’s a 
way to describe the transitions from different states using the law of total 
probability. 
 

1.1 Markov Chain 
A Markov chain is a mathematical model that describes a process with 
probabilities, states and transitions. Each state has its own probability for 
going into another state or to remain in the current state. Depending on which 
state the process currently is in there are different probabilities for the process 
to give different results in the future. A Markov process is said to be 
memoryless. It doesn’t matter how it got to the current state or for how long it 
has been staying there. The only thing that the Markov chain cares about is the 
current state of the process. This is the Markov property [1]. If the transition 
matrix is given and the current state is known for the process, one knows the 
probabilities to get into another state for the next step. The result for every 
attempt of the process is a new state. Obviously, the last result that appeared 
represents the current state. 
 
1.1.1 Transition matrix 
The transition matrix is a matrix that describes the transition probabilities for a 
Markov chain to move from one state to another [1].  

1,1 1,2 1,

2,1 2,2 2,

,,1 ,2
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(1.1) 

 
The probability for going from state i to j is calculated as: 

,Pr( | ) i jj i P= .   (1.2) 

One important thing is that the row probability is summing up to 1, since the 
sum of the probabilities of going from states i to any state is 1 (100 %). The 
probability of going from any state to another in k steps for a Markov chain 
can be calculated by using the matrix P. The probability is then given by kP .  
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1.1.2 Distribution  
A Markov chain can have an infinite or a countable number of possible states. 
It can be measured in discrete or continuous time. These two different 
distributions are to be used during different circumstances. 
 
1.1.2.1 Discrete time distribution 
In the discrete time distribution the index variable takes only distinct values [1]. 
It’s also a finite process with a fixed step interval, but it can also be measured 
in ticks. When ticks are used the index will be updated only when a change in 
the index has occurred. The interval then might be different between every 
step in the process. In discrete time one often calculates the probability for 
something to happen. 
 
1.1.2.2 Continuous time distribution 
The continuous time distribution is a little bit more difficult to explain. In the 
continuous distribution the index has an unlimited amount of values, even on a 
finite interval, since the step between every measurement is infinitesimal 
(infinite small) [1]. Therefore the change also is infinitesimal. If the assumption 
that an infinitesimal change is equal to no change, this process would always 
end up with being constant. This, of course, is not the case for every 
continuous distribution. There is an unlimited amount of occurrences in a 
continuous process and therefore every state will appear. It’s therefore more 
interesting to see how often it appears rather than what the possibility is (as in 
discrete time) for it to appear. This is why in continuous time one often 
calculates the intensity for something to happen. 
 
1.1.3 Periodicity 
A Markov chain can have different periods. The period, say q, is defined to be 
the multiple of the step for in how many steps a state, say i, can return to itself 
[1]. This means that the process can return to state i in n steps if there exists an

0n n≥ , where 0 0 0 2..., , , ,q qn n n n+ +=   
 
It becomes clearer more comprehensible when observing a couple of 
examples: 

* *
0 1

P  
=  
      

(1.3) 

In Equation 1.3 there is a matrix whose period is 1q =  since state 1 can return 
to itself in only one step. Here * is a non-zero number smaller than one (
0 * 1< < ). 

1 0
0 1

P  
=  
      

(1.4) 
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The matrix in Equation 1.4 has 2q =  since the two states only can return in 
two steps. 
 
Important to note is that the period doesn’t give any information for what the 
minimum amount of steps is to make it possible for state i to reach itself again. 
If the number of steps to return to state i is 4, 6, 8, 10… the period would still 
be 2q = . Bottom line: the period q is the smallest multiple for the number of 
ways the state i can return to itself for large n.  
 
For all states with 1q >  the state is periodic with period q. If the period for a 
state i is q=1, this state i is said to be aperiodic [1]. 
 
1.1.3.1 Irreducibility 
An irreducible Markov chain is said to be so, if there is a possibility for every 
state to go into every other state in the process [1]. For a chain to be irreducible, 
every state i in the process have to be aperiodic. In other words, every 
transition probability in the transition matrix is non-zero.  
 
1.1.3.2 Absorbing state 
A Markov chain can have states which are absorbing. If a process has a state 
from where it can never leave, then that state is called absorbing [1]. In other 
words, that absorbing state (row) in the transition matrix have all transition 
probabilities equal to zero except the one going back to the current state, 
which is equal to one.  

* * *
* * *
0 0 1

P
 
 =  
 
     

(1.5) 

The example above is an absorbing matrix. Here, state 3 (row 3) is the 
absorbing state since the process has zero probability to leave this state. 
 
If a subset of states is absorbing in the process it’s said to contain a closed 
subset, which is a set from where the process can never leave. However, it can 
still switch in between the local states of the set (state 2 and 3 in the following 
P). 

* * *
0 * *
0 * *

P
 
 =  
 
     

(1.6) 

This example contains an absorbing subset. Here, state 2 and 3 combined 
creates an absorbing subset since the probability of leaving this subset is zero.  
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While observing the stock market this could be translated as if a stock drops to 
zero, then the company is most likely going bankruptcy. If that happens, it can 
never come back up, because if it did, one could buy an unlimited amount of 
shares, since it’s free, and then sell for a price. Thus, for a company to go 
bankrupt, this will correspond to an absorbing state. Therefore, all shares 
bought from companies have absorbing states. 
 
1.1.4 Inhomogeneous 
A Markov chain can be inhomogeneous. This is when the process has different 
distributions at different time, i.e. the transition-probability for different states 
changes with time [1]. 
 
A stock often follows a certain trend, after a certain amount of time this trend 
changes. This is a problem for a Markov chain that tries to fit all these trends 
in one transition matrix. The difficulty lies in the Markov property, which 
makes the chain to forget about the previous trend while fitting the current.  
 
1.1.5 Binary  
A binary Markov chain is a chain where X only can take two different states. 
The state space for X only contains two different values }{ 1 2,X x x∈ . When 
programming these states they are often represented by 1 and 0 [2]. 
 
1.1.6 Example: Random walk or Drunkard’s walk 
One frequently used Markov chain example is called the “Drunkard walk”, 
i.e. a random walk on the number line and for each step the current position 
changes with ± 1 from the current position [3]. The probabilities for each 
change are both 0.5 and the transition only depends on the current state and 
ignores how the current position was reached. Thus, the probability is 
independent regardless the previous position. 
 

1.2 Markov of higher order 
A Markov chain of higher order is a Markov model with memory, i.e. a 
Markov chain that depends on, not only the current state, but also m-1 states 
before, where m is the order and m is finite [4]. E.g. a third order Markov chain 
depends on the current state and also the two just visited states. 
  

1 1 2 2Pr( | , ,..., )n n n m n mn n n nX x X x X x X x− −− − − −= = = =  (1.7) 
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A Markov chain of higher order is a modified model of the Markov model; it 
doesn’t have the same Markov property as a regular Markov chain (first 
order). Instead it has a Markov property with memory. 
  
A Markov chain of higher order can be converted to the first order, with the 
cost of more states than the representation of the higher order. To construct the 
equivalent first order Markov chain from a higher order, the trick is to rename 
the state so that the name of the current state holds the same information that 
the representation of the higher order did [5]. E.g. in a third order Markov chain 
with states X, { }1,2,3,4X ∈ , the following sequence could have been visited; 
…,1,3,3,2,4,1,2 ,… when in state 4 the following state depends on the current 
state 4 and the previous states 3,2. To convert this into a representation of the 
first order, i.e. the state 4 from the third order represents by state 324 in the 
first order. For the representation of the first order, the equivalent sequence as 
above is written as …, ??1, ?13, 133, 332, 324, 241, 412, 41?, 4??,… Clearly, 
these state-names give the same information as for the representation of the 
third order, but if the first order is used it will have more states than the higher 
one. To be able to give the same information for a representation of the first 
order as for a third order, there has to be a state name for every possible 
history. In this example the state space for order one has to be 

{ }111,112,113,114,121,122,...,443,444X =  a total of 64 states instead of four.   
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2 Method – this Markov chain 

An interesting idea is to try to forecast the stock market, and if accomplished, 
one can really make a fortune. If the stock market can be assumed to be a 
random process with two states, up or down, then, a binary Markov chain can 
be employed to try to construct the market. Since the simplification of the 
stock to only have two states is made, it can go into every state independent on 
what the current state is. However, this process has an absorbing state 
(bankruptcy), but the program won’t consider this as an option, since the 
implemented stock price series probably won’t go bankrupt. 
 
The program is constructed to calculate the transition probability, considering 
a chosen stock. The program gives a hint whether the stock is going up or 
down in the future. It also makes a number of different calculations depending 
on chosen settings, such as window length, tested weeks and also for orders 
one through three. 
 
The attached file is a Matlab file (.m) which is named Markov_Program.m, 
which is the appendix. What this program simply does is that it takes a stock 
price series (which is given by the user) and by using Markov assumptions it 
gives back a daily report, if tomorrow is a good or bad day from an investment 
perspective, and the same goes for a weekly report. It does this, for order one 
through order three. It also does this, for different windows, see chapter 2.5. 
The window lengths can also be adjusted by the user. 
 
One can believe that the stock price series aren't continuous, since it doesn’t 
contain the weekends. But in fact it’s, because during the weekends the stock 
doesn’t change, and therefore, the series can be considered as continuous. 
However, the time distribution is not continuous but it’s measured in discrete 
time (since the stock is finite and adopts distinct values). 
 
The program is made so that the user can choose settings depending on 
whether day trading or long term holding is desired. The user himself needs to 
guess and adjust the settings depending on the current trend. Important to note 
in this program is if the stock closes unchanged, it’s counted as a loss. This is 
because investing in a share that is not changing at all causes you to lose 
money in the long run due to inflation. 
 

2.1 Strategy 
The idea behind this program is to create a transition matrix (see chapter 2.2) 
for the stock price series by using the history of the stock and calculating the 
probability for different transition states. The transition matrix holds 
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information about the direction the upcoming day probably will have. By 
using the history of the stock price series and assuming that the stock behaves 
like it have done in the past, the program will be able to tell what the 
following data will be.  
 
In this program there are a couple of stock price series implemented. They 
cover a four year period of the closing price for the corresponding stock. By 
taking the difference between today´s (n) stock price data and yesterday’s 
stock price data (n-1) a difference vector is created. Then convert this vector 
to another vector. If the difference is negative or equal to zero it gets the value 
0; if it is positive the value is 1. The 1’s and 0´s represents if the stock price 
going up or down and therefore 1 and 0 will be the state space for X, }{0,1X ∈ . 
The vector that consists of 1´s and 0´s is called ”Y_Diff” in the program. This 
vector holds all the information necessary about the history of the stock price 
series. After that, the method is to sum up how many times the different 
scenarios (states) appear and see whether the stock went up or down from 
these. With this information the program will later on be able to predict what 
will happen in the future during different states.  
 

2.2 Transition matrix 
When all probabilities for going into another state (or to remain) are 
calculated, they are gathered in the transition matrix. The transition probability 

ijp  is calculated from how many times a certain situation occurred divided by 
the total number of occurrences for that particular state [1]. 

ij
ij

i

n
p

n
=

    
(2.1) 

Here, ijn represents the amount of times state i went to state j and in  the amount 
of times the state i appeared in stock price series.  
 

2.3 Settings 
In the third subsection of the program (see Appendix) the user can edit the 
settings for the program. The first setting is how many weeks the program 
should test itself (see chapter 2.4). The second setting is a cutting tool that will 
remove the first or the last part of the stock price series, with the length given 
by the user. This is useful if the stock price series covers four years but only 
two years wants to be tested. In the third setting the users choose what stock to 
use. The stock price series that are implemented in the program are Scania, 
SSAB, NCC, Sweco and Ericsson [6]. The fourth and last setting is the window 
size and length (see chapter 2.5). If the size is set to zero there will be no 
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window, if not there will be one (or several) with the length that the user 
gives. 
 
2.3.1 Daily report 
While day trading one should pay more attention to the daily reports. Since the 
results from these reports give information whether the next day is an up- or 
downgoing day. It uses every data from the stock price series, which is every 
day when the market is open. 
 
2.3.2 Weekly report 
While investing over time one should pay more attention to the weekly 
reports. These results gives information whether the next week is an up or- 
downgoing week. When doing weekly report the stock is filtered so that only 
every fifth stock price data is saved and the rest is removed, this is because the 
program is supposed to use the chosen day repeatedly and not the other days. 
Even though there is seven days in a week, when considering the stock market 
there is only five since it is closed during weekends and therefore not 
changing at all. The program doesn’t check what day it uses every week. If 
one wants information about a particular day to be tested, e.g. Friday, it has to 
be done manually. 
 

2.4 Self-test 
In the settings the user can choose how many weeks the program should test 
itself. This amount should be more than three. Otherwise, the weekly report 
for the third order won’t have enough data to run. For every extra week that 
the program is chosen to test, it does six more iteration (five daily and one 
weekly).  
 
When running the self-test, the program works as followed: in the first 
iteration the program builds the transition matrix that comes from the first 
chosen data to the first chosen tested data. The first chosen tested data is the 
last chosen data minus the amount of weeks the program is chosen to test. 
Then it will get a hint whether to sell or buy for each possible setting. Each 
hint will in the next run be compared with the next case that actually appeared. 
Then it does the same for every next data until it reaches the last but one (the 
last can’t be compared since the next data will show in the future). All these 
tests will be gathered in each group and an average correct guess ratio will be 
given in the end. 
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2.5 Window 
Sometimes the stock price series contains different trends. This might be 
because it covers a depression but also a boom. This will affect the Markov 
chain in a way so that it will try to fit for both trends, which of course is much 
more difficult. Therefore, a window is created. What this does is that it looks 
at the first, say 100 days, and then it creates a transition matrix from these 
data. In the next iteration the starting point will be t0+1 (the second day) and 
the last point will obviously be the 101st day since the window length is 100. 
By doing this, the Markov chain will only look at a 100 days trend. Therefore, 
when calculating the transition matrix for today, the chain will “forget” about 
the depression that occurred two years ago. 
 
2.5.1 No window 
If the window setting in the program is set to zero there will be no window 
following through the stock. Without the window the program will always 
start at the given starting point t0. 
 
2.5.2 Short window 
Short window has a problem and it’s that it has often too few cases to satisfy 
every state to gain correct probabilities. A short window is good when the 
trend seems to switch a lot. But this is not very common for the market so 
therefore a short window should not be used very often. A short window 
including, say 20 data, starts at t0 and stops at t19 and then calculates the 
transition matrix. In the next iteration it starts at t1 and stops at t20. In the next 
it starts at t2 and stops at t21 and so on.  
 
2.5.3 Long window 
A long window covers enough data per window to satisfy all states in every 
run. It starts at t0 and stops at the given data which corresponds to the window 
length. What window length that fits the stock best can’t be decided in 
advance. There is probably some window lengths that are better fitted than 
other but they are very difficult to find.  
 

2.6 Different orders 
For increasing order the “memory” increases. The high and the low order 
Markov chains are good in different ways. Sometimes high order fits better 
and sometimes a low does. For a very short stock price series, say five data, a 
first order chain is recommended. This is because if a higher order is used, 
every state of the chain is more likely to never have been visited before (see 
chapter 1.2). Therefore, the Markov chain has no idea what to do when 
actually reaching this state. So, the shorter the stock price series is the lower 
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the order should be. The adequate length of the stock prise series is diffuse; 
how to find it will be discussed in chapter 4.3. 
 
The best order to use is difficult to say and should be considered carefully. 
 
2.6.1 First order 
First order Markov chain has no memory at all. The Markov chain doesn’t 
care at all what path the market took to get to the current state. Once the 
transition matrix is calculated the only thing that matters is what the current 
state is. The transition matrix for Markov chain of order one, 

(1) 00 01

10 11

p p
P p p

 
 
 

= .   (2.2) 

Here the first number of the index represents the current state and the last 
number represents the next state. So p01, for example, is the probability for 
state 0 to go to state 1. 
 
A first order Markov chain is recommended for short stock price series. 
 
2.6.2 Second order 
Unlike the first order, a Markov chain of the second order has memory. The 
chain is dependent on where it’s right now and also where it was in the last 
occasion. Since the second order has four states (after converted to first order 
at the cost of more states) it requires a little bit longer stock price series so that 
every state can be visited. 
 
The transition matrix for Markov chain of order two: 

000 001

(2) 010 011

100 101

110 111

p p
p p

P p p
p p

 
 
 
 
 
  

= .    (2.3) 

Here the first two numbers of the index representing the current state and the 
last number represent the next state. So p101, for example, is the probability for 
being in state 1 yesterday and state 0 today, and from there go to state 1. 
 
2.6.3 Third order 
A Markov chain with third order depends on the current state and the two 
previous states. It remembers two states. This makes the higher order Markov 
chain better than the lower order to discover and handle different trends. This 
is because it has better memory and considers more substance. As said in 
chapter 2.6, the higher the order is, the longer the stock price series needs to 
be.  
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The transition matrix for Markov chain of order three: 

0000 0001

0010 0011

0100 0101

(3) 0110 0111

1000 1001

1010 1011

1100 1101

1110 1111

P P
P P
P P
P P

P P P
P P
P P
P P

 
 
 
 
 
 
 
 
 
 
 
  

=

    

(2.4) 

Here the first three numbers of the index represents the current state and the 
last number represents the next state.  
 
A higher order Markov chain is recommended when the trend seems to vary a 
lot. 
 

2.7 GJ Constant 
The program gives many results and some of them contradict each other.  For 
that reason the program sums up the different results in the categories: sell and 
buy. First, the program sums up all the numbers of results that says buy and 
also the number of results that says sell. It also looks at the number of the 
times the different setting guesses right.  
 
Here is an example of what the program could generate: the program gives 30 
results, 22 of them says buy and 8 of them says sell. Those results that says 
buy have an average hit rate of 0.53 and the part that says sell has a hit rate of 
0.57. Which of these answers seems to the most sufficient? 
 
The GJ definition: 

( )
( )

( )
( )
Numberof buy hit rate forbuy

GJ
Numberof sell hit rate for sell

 
 
 
 

•
=

•
.  (2.5) 

The decision whether to buy comes from whether the GJ constant is greater 
than 1. If that’s the case, then the program gives the final hint to buy, else the 
advice is to sell.    
 
In the example above the calculations with inserted numbers looks like this: 

(22) (0.53) 2.56
(8) (0.57)

GJ  
 
 

⋅= =
⋅
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Clearly, for this example the program says buy, and seems to be quite 
convinced.  
 

2.8 J Constant 
The idea behind the J constant is pretty much the same as for the GJ constant, 
with the significant difference, that the J constant is focusing on the results 
that are very much correct (or utterly wrong) and one is supposed to buy if the 
J constant is above zero (above one for GJ). Results close to 50 % will be 
negligible by the J constant. One can easy confirm this by looking at the 
definition: 

( 0.5) ( )
( 0.5) ( )

J Hit rate forbuy Numberof buy
Hit rate for sell Numberof sell

= − ⋅ −
− − ⋅

  (2.6) 

With same in-data as for the GJ constant example above, the J constant 
generates 0.1 which is a weak hint to buy. 
 

2.9 Binary programming 
Because the states are represented by ones and zeroes, it’s most reasonable to 
employ binary coding to describe the scenarios in the stock. For the order 
three, a 4-bit code creates the 16 different scenarios in (3)P .   

3 2 1 02 ( 3) 2 ( 2) 2 ( 1) 2 ( )n n n n Scenario⋅ − + ⋅ − + ⋅ − + ⋅ =  
For the third order, this now creates 16 different scenarios, { }0,1,2,...,15S =
where the scenario (0 0 0 0) is represented by 0S = , (0 0 0 1) is represented by 

1S =  and so on. 

( , 1, 2, 3,..., ( 1))
Current state

K n n n n n n= − − − − −


   (2.7) 

Similarly, this creates the eight different states for the second order Markov 
chain and the 4 different states for the first order chain. 
  
For a Markov chain of the first order the following scenarios appear, see Table 
2.9.1. 
 
Table 2.9.1: The first order Markov chain has 4 different scenarios. 

 
 
 
 
 
 

 

Stock direction (n-1) (n) 
Down followed by down 0 0 
Down followed by up 0 1 
Up followed by down 1 0 
Up followed by up 1 1 
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For a Markov chain of order two the following scenario appears, see Table 
2.9.2. 
 
Table 2.9.2: The second order Markov chain has 8 different scenarios and memory 2. 

 
 
 
 
 
 
 
 
 
 

For a Markov chain of order three the following scenario appears, see Table 
2.9.3. 
 
Table 2.9.3: The first order Markov chain has 16 different scenarios and memory 3. 

Stock direction (n-3) (n-2) (n-1) (n) 
Down, down, down & 
down 

0 0 0 0 

Down, down, down & up 0 0 0 1 
Down, down, up & down 0 0 1 0 
Down, down, up & up 0 0 1 1 
Down, up, down & down 0 1 0 0 
Down, up, down & up 0 1 0 1 
Down, up, up & down 0 1 1 0 
Down, up, up & up 0 1 1 1 
Up, down, down & down 1 0 0 0 
Up, down, down & up 1 0 0 1 
Up, down, up & down 1 0 1 0 
Up, down, up & up 1 0 1 1 
Up, up, down & down 1 1 0 0 
Up, up, down & up 1 1 0 1 
Up, up, up & down 1 1 1 0 
Up, up, up & up 1 1 1 1 

 
 
  

Stock direction (n-2) (n-1) (n) 
Down, down & down 0 0 0 
Down, down & up 0 0 1 
Down, up & down 0 1 0 
Down, up & up 0 1 1 
Up, down & down 1 0 0 
Up, down & up 1 0 1 
Up, up & down 1 1 0 
Up, up & up 1 1 1 
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Clearly, more states or higher orders would make far too many possible 
scenarios for a project like this.  
 

1( )OrderPossible scenarios Number of states +=  (2.8) 
E.g. three states combined with the third order would yield 81 possible states. 
 

2.10 Dependable 
Here is a list of some factors that have impact on the program. 

• Trends – if there are several trends that often change the program will 
have a hard time to fit the hints for the real stock price nicely. 

• Window length – this setting can have great impact on the results. 
• Order – this can make the results vary a lot, depending on the size of the 

stock price series. 
• Tests – the amount of tests, of course, has impact on the results. A 

relatively high number of tests should be done. 
• Stock price series length – if the stock price series is too short or too 

long it can have a negative effect on the results. 
All these factors can be adjusted in the program settings, except for the trend, 
which is set by the stock market. 
 

2.11 Restrictions 
There is a major restriction in the program. It doesn’t consider the size of a 
stock price change. E.g. if the stock increases 10 % one day and then 
decreases 1 % the next day the program would not know that it in fact has 
increased a lot since it only see a upgoing day and a downgoing day. To solve 
this problem more states could be added, where every state represents a piece 
of the increase/decrease. When these pieces shrink to infinitesimal every 
percentage increase has been covered. But with more states the program gets 
strained and it set high requirements on the stock price series, for it needs to 
be long enough.  
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3 Results 

The program gives a great variety of results, depending on the selected 
settings. It gives results for order one through three, for the number of selected 
tested weeks, and also for every window length.  
 
For every combination and for every tested value the program creates a new 
transition matrix P. The program also calculates the hit rate for every P. The 
hit rate gives an indication of which setting combination that seems to be most 
reliable. 
 
The program runs on five different stock indexes, NCC, Scania, SSAB, 
Sweco, and Ericsson. Below, there are results for each one of them. The 
program runs with the following settings: number of tested weeks is 100, the 
window length is 4, 5, 7, 10 and 20 weeks and it also runs without window. 
 

3.1 NCC 
When running the NCC stock price series in the program with the settings 
above the following results are obtained in the tables below. The results are 
for both days and weeks and for order one through three. 
 
Below, Table 3.1.1 shows the results using a first order Markov chain. 
 

Table 3.1.1: Hit rate of different window lengths, using a first order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 50.8 53 
5 Weeks 53.2 52 
7 Weeks 50.6 51 
10 Weeks 51.4 47 
20 Weeks 51.6 52 
All Weeks 50.4 45 
 
Here all the hit rates for daily show a result over 50 %. The best result for 
daily test appears for the 5 week window, 53.2%. The average result when 
using a first order Markov chain is 50.67 % for daily and weekly together. 
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For the second order Markov chain, with the same settings as for the first 
order Markov chain, the following results (see Table 3.1.2) are generated. 
 
Table 3.1.2: Hit rate of different window lengths, using a second order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 49.2 59 
5 Weeks 46,2 54 
7 Weeks 49.6 51 
10 Weeks 52.2 57 
20 Weeks 50 48 
All Weeks 49.6 43 
 
Here the hit rate for daily tests decrease, but the weekly results show a high 
but irregular hit rate. The average hit rate for the second order Markov chain is 
50.73 %. 
 
The third order Markov chain gives the following results, see Table 3.1.3. 
 

Table 3.1.3: Hit rate of different window lengths, using a third order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 47.2 46 
5 Weeks 45.6 44 
7 Weeks 47.8 50 
10 Weeks 50.8 47 
20 Weeks 51.4 53 
All Weeks 51.2 49 
 
By comparison with the first and second order Markov chain, the third order 
gives the weakest hit rate results. Especially for the weekly results it gets a 
low hit rate, the average hit rate for the third order Markov chain is 48.58 %. 
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The average hit rate for the different window length, running the NCC stock, 
can be viewed in Table 3.1.4.  
 
Table 3.1.4: Average hit rate for different window lengths. 

Window length Hit rate average (%) 
4 Weeks 50.9 
5 Weeks 49.2 
7 Weeks 50.0 
10 Weeks 50.9 
20 Weeks 51.0 
All Weeks 48.0 

 
The tables in 3.1 give the information that the second order Markov chain 
gives the best results and the window that generates the highest hit rate is the 
20 week window. 
 
The program gives the information for when the best single results are 
obtained. For daily prediction, the first order Markov chain with window 
length five weeks gives the most accurate result, with 53.2 %. And for weekly 
prediction, the best obtained result appeared for order two and window length 
4 weeks, 57 %. 
 
What is also notable is that for the window length 4, 5, 7 and 10 weeks in 
order three the problem with too few data appears for the matrix P. What then 
happened is that the program can´t calculate the probability in a reliable way, 
see chapter 4.3.   
 
To get a picture about the hit rate distribution for the program when it runs the 
NCC stock price series, several number of Tested weeks are tested. Below, the 
results can be viewed in Figure 1.  
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Figure 1: The distribution of the hit rate for the NCC stock price series. The X-axis 

describes hit rate and the Y-axis the number of times the program gets the different hit 
rates. 

 

3.2 Scania 
The results for the Scania stock are created in the same way as for the NCC 
stock.   
 
The first order Markov chain gives the following results, see Table 3.2.1. 
 
Table 3.2.1: Hit rate of different window lengths, using a first order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 47.6 42 
5 Weeks 45.6 44 
7 Weeks 47.2 40 
10 Weeks 47.0 44 
20 Weeks 49.0 47 
All Weeks 50.6 50 
 
Here, all the hit rates for both daily and weekly prediction get a hit rate below 
50 % when using some type of window. Overall, the hit rate is low and the 
average result when using a first order Markov chain is 46.17 %. 
 
For the second order Markov chain the results are generated in table 3.2.2.  
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Table 3.2.2: Hit rate of different window lengths, using a second order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 48.8 41 
5 Weeks 47.8 43 
7 Weeks 48.8 45 
10 Weeks 48.2 49 
20 Weeks 47.0 46 
All Weeks 49.4 52 
 
Here the hit rate increase a bit but still remains below 50 %. The average hit 
rate for the second order Markov chain is 47.17 %. 
 
The third order Markov chain gives the following results, which can be read in 
Table 3.2.3. 
 
Table 3.2.3: Hit rate of different window lengths, using a third order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 49.6 53 
5 Weeks 50.8 53 
7 Weeks 48.0 57 
10 Weeks 53.2 50 
20 Weeks 50.4 50 
All Weeks 51.0 49 
 
By comparison with the first and second order Markov chain, the third order 
generates the highest hit rate results. The highest single results appears for 
weekly when the window length is seven weeks, but because of the problem 
with too few data (see chapter 4.3) that result isn’t that credible and may be 
ignored. The average hit rate for the third order Markov chain is 51.25 %. 
  
Average hit rate for the different window length, also without window, are 
shown in table 3.2.4.  
 
Table 3.2.4: Average hit rate for different window length. 

Window length Hit rate average (%) 
4 Weeks 47.0 
5 Weeks 47.4 
7 Weeks 47.7 
10 Weeks 48.6 
20 Weeks 48.2 
All Weeks 50.3 
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The Tables 3.2.1 → 3.2.3 above give the information that the third order 
Markov chain gives the best results. For the Scania stock it seems to be better 
not using any window at all, see Table 3.2.4.  
 
According to the program the best obtained single result appears for daily 
prediction with the third order Markov chain and with window length ten 
weeks. It gives the most accurate result with 53.2 %. For weekly, the best 
obtained result appeared for the third order Markov chain and window length 
seven weeks with 57 %, but as said before, this result could be ignored.  
 
The same problem (too few data, see chapter 4.3) as for the NCC stock occur 
for window length 4, 5, 7 and 10 weeks here as well.  
 
The hit rate distribution for the program when it runs the Scania stock with 
different settings and number of tested weeks can be viewed in Figure 2 
below.   
 

 
Figure 2: The distribution of the hit rate for the NCC stock price series. 

 

3.3 SSAB 
The results for the SSAB stock are created in the same way as for the other 
two stocks above.   
 
The first order Markov chain gives the following results, see Table 3.3.1. 
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Table 3.3.1: Hit rate of different window lengths, using a first order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 53.0 52 
5 Weeks 52.0 51 
7 Weeks 52.0 52 
10 Weeks 51.2 50 
20 Weeks 52.2 55 
All Weeks 53.6 37 
 
Here all the hit rates for both daily and weekly prediction gets a hit rate above 
50 % except from weekly prediction without using all weeks. Overall the hit 
rate is high and the average result when using a first order Markov chain is 
50.92 %. By excluding the All Week’s weekly prediction it would have been 
even higher. 
 
The results for the second order Markov chain are generated in Table 3.3.2.  
 

Table 3.3.2: Hit rate of different window lengths, using a second order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 51.6 50 
5 Weeks 49.8 47 
7 Weeks 50.8 49 
10 Weeks 51.0 50 
20 Weeks 48.8 49 
All Weeks 51.0 47 
 
Here the hit rate decrease a bit and the average hit rate for the second order 
Markov chain is 49.58 %. 
 
The results for the third order Markov chain gives in Table 3.3.3 below. 
 
Table 3.3.3: Hit rate of different window lengths, using a third order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 50.6 58 
5 Weeks 53.2 52 
7 Weeks 50.2 61 
10 Weeks 46.8 57 
20 Weeks 46.2 62 
All Weeks 54.2 41 
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By comparison with the first and second order Markov chain, the third order 
generates the highest hit rate results for the SSAB stock, as well as for the 
Scania stock. The highest single results appears for weekly when the window 
length is 20 weeks with 62 %.The average hit rate for the third order Markov 
chain is 52.68 %. 
 
  
Average hit rate for the different window length, also without window, for the 
SSAB stock are shown in the Table 3.3.4 below.  
 
Table 3.3.4: Average hit rate using different window length, for the SSAB stock. 

Window length Hit rate average (%) 
4 Weeks 52.5 
5 Weeks 52.0 
7 Weeks 52.5 
10 Weeks 51.0 
20 Weeks 52.2 
All Weeks 47.3 

 
The tables above give the information that for the SSAB stock the window 
length 4 and 7 weeks gives the highest hit rate with an average at 52.5 % each.  
The best average result for the different orders is for the third order Markov 
chain. It´s very important to notice that the problem with too few data appears 
here as well (see chapter 4.3). Thus, those results may be considered as non-
reliable.   
 
For daily prediction, the third order Markov chain, when using all weeks, 
gives the most accurate result with 54.2 %. For weekly, the best obtained 
result appeared for order three and window length 20 weeks with 62 %. 
 
The hit rate distribution for the program, when it runs the SSAB stock with 
different settings and number of tested weeks, can be viewed in Figure 3 
below.   
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Figure 3: The distribution of the hit rate for the SSAB stock price series. 

 

3.4 Sweco 
The results for the Sweco stock are created in the same way as for the other 
three stocks above.   
 
The first order Markov chain gives the results given in Table 3.4.1. 
 
Table 3.2.1: Hit rate of different window lengths, using a first order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 53.0 51 
5 Weeks 53.2 51 
7 Weeks 53.8 54 
10 Weeks 53.4 55 
20 Weeks 58.0 58 
All Weeks 58.0 56 
 
Here all hit rates are above 50 % for both daily and weekly prediction. Overall 
the hit rate is high and the average result when using a first order Markov 
chain is 54.53 %.  
 
The results for the second order Markov chain are generated in Table 3.4.2.  
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Table 3.4.2: Hit rate of different window lengths, using a second order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 54.8 52 
5 Weeks 53.4 52 
7 Weeks 53.2 53 
10 Weeks 54.4 59 
20 Weeks 56.2 53 
All Weeks 56.8 52 

 
Here the average hit rate almost remains the same with 54.35 %. As for the 
first order Markov chain, all hit rates are above 50 %.  
 
The results for the third order Markov chain is given in Table 3.4.3 below. 
 
Table 3.4.3: Hit rate of different window lengths, using a third order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 50.4 49 
5 Weeks 51.2 49 
7 Weeks 51.4 49 
10 Weeks 52.0 49 
20 Weeks 52.4 51 
All Weeks 55.0 54 

 
By comparison with the first and second order Markov chain, the third order 
generates the lowest hit rate results for the Sweco stock, contrary to the third 
order Markov chain for the SSAB and Scania stock, which generate the 
highest hit rate for the various orders. The average hit rate for the third order 
Markov chain is 51.12 %. 
  
The average hit rate for the different window lengths, also without window, 
for the Sweco stock can be read in the Table 3.4.4 below. 
 

Table 3.4.4: Average hit rate using different window length, for the Sweco stock. 

Window length Hit rate average (%) 
4 Weeks 51.7 
5 Weeks 51.6 
7 Weeks 52.4 
10 Weeks 53.8 
20 Weeks 54.8 
All Weeks 55.3 
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According to the tables in 3.4 it seems that for the Sweco stock the longer the 
window length is the better the results are. The best results are generated when 
the program use all available weeks.  The best average result for the different 
orders is for the first order Markov chain.  In the same way as for the stocks 
before the problem with too few data appears (see chapter 4.3) and not only 
for the weekly prediction with window length 4, 5, 7 and 10 weeks as before 
but also for the second order Markov chain when using window length 4 and 5 
weeks.  
 
For daily prediction, the first order Markov chain, when using all weeks, gives 
the most accurate result with 58.0 %. For weekly the best obtained result 
appeared for the second order Markov chain using window length ten weeks, 
this with 59 %. 
 
The hit rate distribution for the program when it runs the Sweco stock with 
different settings and number of tested weeks can be viewed in Figure 4 
below.   
 

 
Figure 4: The distribution of the hit rate for the Sweco stock price series. 

 

3.5 Ericsson 
The results for the Ericsson stock are created in the same way as for the other 
four stocks above, with the only difference that the 200 first days have been 
cut off because of the drastic change in appearance.   
 
The first order Markov chain gives the results that can be read in table 3.5.1. 
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Table 3.3.1: Hit rate of different window lengths, using a first order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 49.0 45 
5 Weeks 46.6 47 
7 Weeks 49.0 50 
10 Weeks 49.6 46 
20 Weeks 48.0 42 
All Weeks 49.0 43 

 
Here all hit rates are just below 50 % for daily prediction and for weekly 
prediction the hit rate is clearly below 50 % except from the 7 weeks window. 
Overall the hit rate is low and the average result when using a first order 
Markov chain is 47.02 %.  
 
For the second order Markov chain the results that is generated is showed in 
table 3.5.2. 
 
Table 3.5.2: Hit rate of different window lengths, using a second order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 51.8 50 
5 Weeks 49.8 46 
7 Weeks 48.8 42 
10 Weeks 51.4 53 
20 Weeks 48.0 46 
All Weeks 47.7 47 

 
Here the average hit rate increase a bit with 48.46 %. For the weekly 
prediction the results is varying a lot with the highest hit rate at 53 % and the 
lowest at 42 %.  
 
The results for the third order Markov chain are given in table 3.5.3. 
 
Table 3.5.3: Hit rate of different window lengths, using a third order Markov chain. 

Window length Hit rate daily (%) Hit rate weekly (%) 
4 Weeks 49.6 49 
5 Weeks 50.6 46 
7 Weeks 52.4 49 
10 Weeks 52.6 50 
20 Weeks 50.4 51 
All Weeks 47.0 47 
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By comparison with the first and second order Markov chain, the third order 
generates the highest hit rate results for the Ericsson stock. The average hit 
rate for the third order Markov chain is 49.55 %. 
 
The average hit rate for the different window length, also without window, 
when using the Ericsson stock can be read in table 3.5.4 below.  
 
Table 3.5.4: Average hit rate using different window length, for the Ericsson stock. 

Window length Hit rate average (%) 
4 Weeks 49.1 
5 Weeks 47.7 
7 Weeks 48.5 
10 Weeks 50.4 
20 Weeks 47.6 
All Weeks 46.7 

 
The tables in 3.5 indicate that the window length 10 weeks generates the best 
results, in fact it´s the only one that gives a hit rate over 50 %.  The best 
average result for the different orders is for the third order Markov chain.  
Like before, the problem with too few data (see chapter 4.3) appears for the 
third order Markov chain, it appears for the weekly prediction when using 
window length 4, 5, 7 and 10 weeks and for the daily prediction when using 
window length 4, 5 and 7 weeks, it also appears for the window length 4 and 5 
weeks for the weekly prediction in the second order Markov Chain.  
 
For daily prediction, the third order Markov chain, when using a window with 
ten weeks, gives the most accurate result with 52.6 %. For weekly prediction, 
the best obtained result appeared for the second order Markov chain using the 
same window length. It got 53 %. 
 
The hit rate distribution for the program when it runs the Sweco stock with 
different settings and number of tested weeks can be viewed in Figure 5 
below.   
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Figure 5: The distribution of the hit rate for the Ericsson stock price series. 

 

3.6 Results for the GJ constant 
The GJ constant and the J constant take all the information they can get from 
the results and then they try to translate these into one single variable each. 
These two constants where tested in a huge loop. The test was done as 
follows, the end was cut 101 days and then both constants were delivered 
whether to buy or sell. In the next run the program only cut 100 days from the 
end and then it checked if it was a correct guess or not. This continued threw 
all cuts down to the current day, zero, which can’t be tested. This was done for 
all the implemented stocks and the results are shown in Table 3.6.1. 
 

Table 3.6.1: The hit rate of the GJ and J constant for the different stock price series. 

Stocks Hit rate GJ constant (%) Hit rate J constant (%) 
Scania 44 49 
SSAB 42 47 
NCC 53 44 
Sweco 38 45 
Ericsson 50 45 

 
The GJ constant shows a varying behavior while the J constant shows much 
less oscillation but since it’s below 50% for all generated results, neither of 
these constants gives information that can be relied on. 
 
  

0
10
20
30
40
50
60
70

20 25 30 35 40 45 50 55 60 65 70 75 80

Am
ou

nt
 

Hit rate in Procent (%)  

Distribution for Ericsson  

Index EricssonEricsson 



 
 

30 

3.7 Program window 
The program window is created so it will give the user all the available 
information that can be interesting. There has been a lot of focus on making 
the results look nice and being easy to follow. Everything is supposed to be as 
self-explanatory as possible so any further comments will probably not be 
needed. An example of how a typical result might look like (Ericsson stock 
with 10 tested weeks, 100 days cut from the end and the windows 0, 4, 5, 7, 10 
and 20 weeks) can be observed in Figure 6.  
 

 
Figure 6: The interface of the program. 
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4 Discussion 

In this chapter some problems will be discussed and the main question will be 
answered: can you describe the stock index with a Markov chain? This 
question will be answered by looking at the significance level of the program, 
is this Markov process significant for these stock price series. A pure random 
index will be used as a reference and then be compared with each of the 
results received from the implemented stock price series. 
 

4.1 The hit ratio problem 
A problem is when the program has a hit rate under 50 %. This means that the 
program most of the time has been guessing wrong. What the user should do 
then is to do exactly the opposite to what the program says. But, it’s always 
more nice to see the program succeed rather than fail. It’s contradictory to 
trust the program if it has not been doing very well. In that case, the user 
might be better off looking at individual results than looking at the constants. 
In that way the user can create their own opinion based on the most reliable 
facts. 
 
 

4.2 The state problem 
There was a discussion early within the group about how many states to use. 
For this program it would not be reasonable to have more than five states in 
consideration, for as seen in chapter 2.9 this would enlarge the program too 
much. This is why the group didn’t choose to do this for this project. 
However: 

• Two states with large (greater than 4 %) increase/decrease. 
• Two states with small (1 % through 4 %) increase/decrease. 
• One state with insignificant (up to 1 %) change. 

Three states were more likely to be used in this project but since a choice 
between using three states or a third order Markov chain the group decided to 
use higher order. The three state Markov chain was left out. If three states was 
to be done, they would look like this: 

• Two states with large (greater than 2 %) increase/decrease. 
• One state with small (up to 2 %) change. 

 

4.3 The too few data problem 
To get an interesting result of the stock, it’s critical that every state in the 
process has been visited at least once, this gives the chain at least one 
occurrence to work with. But this will result in a 100 % probability for this 
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state and 0 % for the occurrence that didn’t happened. With this in 
consideration it would be nice to see at least, say five cases for every state. 
This will give the Markov chain at least something to depend on. Since the 
first order chain has two different states and every state now needs five 
candidates, the index should then have ten data (if an even distribution over 
both states occurred). For the second order, the index should still reach every 
state at least five times. Since the second order has four states (after converted 
to first order at the cost of more states) this will make the index 20 data long 
(for an even distribution over all four states) and the same applies to the third 
order (40 data). 
 
This doesn’t necessarily say that the first order is bad for a long index. But 
where the first order will fail is when the index is long and involves several 
different trends. The chain will then try to fit these trends in a memoryless 
Markov chain, which will most likely fail. 
 
Thus, the conclusion is that the user has to try fitting the index length 
combined with different order by hand. 
 

4.4 Significant Test 
To be able to realize if the results is significant or if it´s only the randomness 
that results in a higher hit rate then 50 %, the program also runs a random 
index that was created in Matlab, see Figure 7 below. For a random index 
there can´t exist a connection for the single results, thus the index is random. 
Therefore it´s impossible to predict the next state based on the current. 
 

 
Figure 7: The hit rate distribution for the random index. 

 
The random index runs in the program and will be compared with the different 
stocks, then it´s easy to see the different distributions. For the random test it´s 
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reasonable to think that the results will follow something that looks like the 
normal distribution, with its mean value at 50 % and some standard deviation. 
If the hit rate for the real index is better than for the random index, then it 
should be offset to the right. The results for every single outcome, with all 
combination of order and window length, for all stocks are summed up in 
Figure 8. This gives the picture over the hit rate distribution when the program 
runs a stock price series. 
 

Figure 8: The hit rate distribution for all stock price series. 

 
Clearly, this distribution reminds of the distribution for the random index. This 
statement is shown in Figure 9 below.  
 

Figure 9: The hit rate distribution for both the random and the all stock index. 
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From the chart in Figure 9 it´s clear that the hit rate distribution is highly 
related with the random distribution. Hence, when the hit rate is rising over 50 
% it´s more likely that the randomness makes a difference rather than the 
Markov property. 
 
But in some cases, e.g. for the Sweco stock, the distribution show some 
difference. Here, the distribution is offset a bit to the right (see Figure 10) and 
therefore seems to have some influence from the Markov propriety. 
 

 
Figure 10: The hit rate distribution for the random index and for the Sweco stock. 

Also, for some stock price series and combination of window length and 
order, the hit rate can be as high as 70 % for a single result and those results 
cannot be explained with the randomness.  
 

4.5  Get the best results 
Even if it seems to be impossible to predict the future of a stock by using a 
Markov chain it can still be interesting to see what settings created the highest 
hit rate results. How do the different parameters affect the results? Which 
order gives the highest hit rate and how does the window length affect the 
result?  
 
The order of the Markov chain is related with the memory. But, is a chain with 
more memory better to predict the future? In the results it’s clear that there is 
no autocratic answer, e.g. for the NCC stock, the second order Markov chain 
generates the highest hit rate. For Ericsson, Scania and SSAB it´s the third 
order that generates the highest results and for Sweco it´s generated using the 
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first order chain. And also important to notice is that for both Sweco and NCC 
the Markov chain order that generated the weakest hit rate results was the third 
order Markov chain. Thus, the answer to the question is no, there doesn’t 
seems to be any strong relations between order and result. 
 
Window length is also an important parameter, but neither for this parameter 
there is no autocratic answer. As said in the results, the problem with too few 
data appears when the window length is below 20 weeks for the weekly 
prediction, thus, it´s more interesting to look at the results for the daily 
prediction. For daily prediction, using all available weeks is the best option 
most of the time. This is the case in 7 out of 15 times, but that is below 50 % 
of the time. It can still be wise to run different window lengths and then 
choose the one that gives the highest result. 
 
The conclusion is that the best option is when using all available weeks and 
order three, if it´s necessary to choose one setting. That was expected, because 
in probability theory it´s usually better to use as much data as possible to get 
the most credible answer. But in this case, because of the different structure in 
the stock price series, it´s better to run many different combinations of 
window length and order and then choose those who seem most reliable. 
 

4.6 Critical review  
What has been realized after the project is that the stock market is not 
changing like a Markov process, and this is now proved since a real index is 
almost as good as a random index. Early in the project, there was excitement 
whether this could actually work or not but later on the disappointment was a 
fact. Something that wasn’t considered early was the fact that if these models 
were able to predict the stock market with high hit rate, everybody would have 
been using them today. So, something that could have been done early was to 
study already existing programs like this one and see what results they had and 
how they worked. Questions like “what window length is best?” and “is a 
higher order improving the hit rate?” would then been answered much more 
quickly and therefore see if it would have been useful at all. If not, more time 
could have been spent elsewhere, like adding one state.  
 
A Markov assumption would probably be able to show better results if it 
would have been applied, e.g., on characters for certain languages to find out 
what language it’s. This is possible because some letter combinations are more 
common than others, like in the Swedish language where ‘c’ often is followed 
by a ‘k’ and an ‘a’ followed by a ‘r’ (because of all the words in plural). On 
the other hand an ‘x’ is never followed by a ‘k’ and so on. It could also be 
applied on sportsmen for some ages, there is no player with a performance 
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peak at age 70 (if one doesn’t start playing in later years of course). This could 
be used to find glitches in betting, if the betting company not already has 
implemented the same algorithm. 
 

4.7 Can the stock index be described with a Markov chain? 
Finally, the main question will be answered. Can the stock index be described 
with a Markov chain? Because the program will generate so many results it’s 
more likely that some of these will succeed and some will fail. This was 
noticed early by the group and therefore the GJ- and the J- constant were 
fabricated. In Table 3.6.1 it’s easy to see that both constants, sadly, are not to 
be trusted. The J constant shows much less oscillation, but since it’s very close 
to 50 %, and even more importantly, it’s below 50 %. This shows that this is 
not a safe way to buy shares from just this information. A theory to why, is 
because the constants contain weekly and daily reports and also all three 
orders. Then, if a stock happens to follow a Markov chain for a certain order 
or window, the other involved orders and windows will pull this correct 
setting down and it won’t be visible in the constants whether that particular 
chain fits or not.  
 
To be able to reach higher percentages and more significance, the program has 
to handle rumours, expectations, market values, dividends, annual reports etc. 
which this program doesn’t do (at the moment). 
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APPENDIX Markov_Program.m 
clc;clear all;close all;format short;tic 
% Markov Program 2012 made by: 
% Jesper Sundberg 
% 890216-0533 
% Gustaf Klacksell 
% 890722-1652 
  
%% Constants 
load('scania.mat') 
load('ncc.mat') 
load('sweco.mat') 
load('ssab.mat') 
load('ericsson.mat') 
text = ['------------Daily report--grad1--------' '------------Daily report--
grad2--------' '------------Daily report--grad3--------' 
      '------------Daily report---------------' '------------Daily report--------
-------' '------------Daily report---------------' 
      '------------Daily report---------------' '------------Daily report--------
-------' '------------Daily report---------------' 
      '------------Daily report---------------' '------------Daily report--------
-------' '------------Daily report---------------' 
      '-----------Weekly report--grad1--------' '-----------Weekly report--grad2-
-------' '-----------Weekly report--grad3--------']; % Disp matrix 
Show_Order = [1:39 
      40:78 
      79:117]; 
counter = 0; 
steg=[1 5];Y_Index = []; 
cgr = 0;buy = 0;sell = 0;asell = 0;abuy = 0; 
  
%% Settings (make your changes here) 
Tested_Weeks = 10;              % How many weeks one wants to test [weeks] 
Cut_Start = 0;                  % Cut from the beginning of the index [days] 
Cut_End = 0;                    % Cut from end of the index [days] 
X = ericsson;                   % What stock index to use 
Window_All = [0 4 5 7 10 20];   % How the following Window_C should look like 
[days] 
                                % Window_All = 0 --> no following Window_C at all 
  
%% Index-plot 
for s = 1:length(steg) 
    figure(s) 
    X2 = X(1+Cut_Start:steg(s):end-Cut_End); 
    t = [1:length(X2)]; 
    plot(t,X2,'b',t,zeros(length(t)),'b') 
    if s == 1 
        xlabel('days') 
    elseif s == 2 
        xlabel('weeks') 
    end 
    grid on;hold on 
end 
  
%% Code 
X_Cutted = X(1+Cut_Start:end-Cut_End);      % [days] 
accuracy = 1+Tested_Weeks*5;                % [days] 
for Window_C = Window_All 
    
disp('**************************************************************************'
) 
    disp(['The Window_C used now is: ',num2str(Window_C)])  
    counter = counter+1; 
    cgc = 0; % Correct_guess_column 
    cgr = cgr+1; % Correct_guess_row 
    for grad = 1:3 
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        for dw = steg 
            Hint = []; 
            disp(text(dw,Show_Order(grad,:))) 
            cgc = cgc+1; 
            xi = 0; 
            a = 0; 
            for j = 1:dw:accuracy 
                a = a+1; 
                x = []; 
                Index = []; 
                start = []; 
                ending = []; 
                Y_Index = []; 
                Y_Diff = []; 
                P = []; 
                Y_Diff = X_Cutted(1+dw:dw:end)-X_Cutted(1:dw:end-dw); 
                for n = 1:length(Y_Diff) 
                    if(Y_Diff(n)>0) 
                        Y_Index(n)=[1];                  % 1=stock going up 
                    else  
                        Y_Index(n)=[0];                  % 0=stock going down 
                    end 
                end 
                if dw > 1 
                    ending = length(Y_Diff)-Tested_Weeks+(j-1)/dw; 
                    start = length(Y_Diff)-Window_C-Tested_Weeks+(j-1)/dw; 
                else 
                    ending = length(Y_Diff)-accuracy+j; 
                    start = length(Y_Diff)-Window_C*steg(2)-accuracy+j; 
                end 
                if Window_C > 0 
                    Index = Y_Index(start:ending); 
                elseif Window_C == 0 
                    Index = Y_Index(1:ending); 
                end 
                if grad == 1 
                    for n = 2:length(Index) 
                        x(n-1) = 2*Index(n-1)+Index(n); 
                    end 
                    x1=length(find(x==0));x2=length(find(x==1)); 
                    x3=length(find(x==2));x4=length(find(x==3)); 
                    P=[x1/(x1+x2) x2/(x1+x2) %NN NE 
                    x3/(x3+x4) x4/(x3+x4)]; %EN EE 
                elseif grad == 2   
                    for n = 3:length(Index) 
                        x(n-2) = 4*Index(n-2)+2*Index(n-1)+Index(n); 
                    end 
                    x1=length(find(x==0));x2=length(find(x==1)); 
                    x3=length(find(x==2));x4=length(find(x==3)); 
                    x5=length(find(x==4));x6=length(find(x==5)); 
                    x7=length(find(x==6));x8=length(find(x==7)); 
                    P=[x1/(x1+x2) x2/(x1+x2) %NNN NNE 
                    x3/(x3+x4) x4/(x3+x4) %NEN NEE 
                    x5/(x5+x6) x6/(x5+x6) %ENN ENE 
                    x7/(x7+x8) x8/(x7+x8)]; %EEN EEE 
                elseif grad == 3 
                    for n = 4:length(Index) 
                        x(n-3) = 8*Index(n-3)+ 4*Index(n-2)+2*Index(n-
1)+Index(n); 
                    end 
                    x1=length(find(x==0));x2=length(find(x==1)); 
                    x3=length(find(x==2));x4=length(find(x==3)); 
                    x5=length(find(x==4));x6=length(find(x==5)); 
                    x7=length(find(x==6));x8=length(find(x==7)); 
                    x9=length(find(x==8));x10=length(find(x==9)); 
                    x11=length(find(x==10));x12=length(find(x==11)); 
                    x13=length(find(x==12));x14=length(find(x==13)); 
                    x15=length(find(x==14));x16=length(find(x==15)); 
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                    P=[x1/(x1+x2) x2/(x1+x2) %NNNN NNNE 
                    x3/(x3+x4) x4/(x3+x4) %NNEN NNEE 
                    x5/(x5+x6) x6/(x5+x6) %NENN NENE 
                    x7/(x7+x8) x8/(x7+x8) %NEEN NEEE 
                    x9/(x9+x10) x10/(x9+x10)%ENNN ENNE 
                    x11/(x11+x12) x12/(x11+x12)%ENEN ENEE 
                    x13/(x13+x14) x14/(x13+x14) % EENN EENE 
                    x15/(x15+x16) x16/(x15+x16)];  %EEEN EEEE 
                end 
  
%% Current state 
                state_c = []; 
                for i = 1:grad 
                    state_c(i) = [Index(end-i+1)]; 
                end 
                 
%% Hint 
                xi = xi+1; 
                state_row = []; 
                if grad == 1 
                    if P(state_c+1,2) > 0.5 
                        Hint(xi) = [1]; % buy 
                    else 
                        Hint(xi) = [0]; % sell 
                    end 
                elseif grad == 2 
                    state_row = 2*state_c(1)+state_c(2); 
                    if P(state_row+1,2) > 0.5 
                        Hint(xi) = [1]; % buy 
                    else 
                        Hint(xi) = [0]; % sell 
                    end 
                elseif grad == 3 
                    state_row = 4*state_c(1)+2*state_c(2)+state_c(3); 
                    if P(state_row+1,2) > 0.5 
                        Hint(xi) = [1]; % buy 
                    else 
                        Hint(xi) = [0]; % sell 
                    end 
                end 
            end 
            disp('           P: ') 
            disp('     Down        Up') 
            disp(P) 
            disp(' ') 
            disp(['The current state is: ',num2str(state_c)]) 
            if Hint(end) == 0  
                sell = sell+1; 
                disp('Hint: SELL') 
            elseif Hint(end) == 1 
                buy = buy+1; 
                disp('Hint: BUY') 
            end 
             
%% Compare Index with Hint 
            Correct_Guess = []; 
            for q = 1:length(Hint)-1 
                if Y_Index(end-length(Hint)+q+1) == Hint(q) 
                    Correct_Guess(q) = [1]; 
                else 
                    Correct_Guess(q) = [0]; 
                end 
            end 
            PC = sum(Correct_Guess)/length(Correct_Guess); 
            if dw == 1 
                Percent_Daily = PC; 
                 disp(['Correct guesses for daily with order ',num2str(grad),' 
[percent]: ',num2str(Percent_Daily)]) 
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            else 
                Percent_Weekly = PC; 
                disp(['Correct guesses for weekly with order ',num2str(grad),' 
[percent]: ',num2str(Percent_Weekly)]) 
            end 
            if Hint(end) == 0  
                asell = asell + PC; 
            elseif Hint(end) == 1 
                abuy = abuy + PC; 
            end 
            cgmatrix(cgr,cgc) = sum(Correct_Guess)/length(Correct_Guess); 
            total_gissning(counter)=sum(Correct_Guess)/length(Correct_Guess); 
            if dw == 1 
                Procent_Index=sum(Y_Index)/length(Y_Index); 
                Procent_Zeros=length(find(Y_Diff == 0))/length(Y_Diff); 
                Y_Diff_Daily = Y_Diff; 
                Y_Index_Daily = Y_Index; 
            end 
            disp(' ') 
            disp(' ') 
        end   
    end 
    Guess_Sum=sum(cgmatrix(counter,:))/cgc; 
    Guess_All(counter,:)=[Guess_Sum Window_C]; 
    disp(['With Window_C: ',num2str(Window_C),' the program guessed correct: 
',num2str(Guess_Sum)]) 
    disp('') 
    disp('') 
end 
Asell = asell/sell; 
Abuy = abuy/buy; 
  
%% Results 
disp('^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^'
) 
disp(['Resume:']) 
disp('  Window length    Average') 
format shortg 
disp(fliplr(Guess_All)) 
[Best,Row] = max(Guess_All); 
disp(['The best obtained average result was: ',num2str(Best(1)),' which came from 
using Window_C: ',num2str(Guess_All(Row(1),2))]) 
  
%% Resumé 
cgmatrixDaily = cgmatrix(:,1:2:5); 
cgmatrixWeekly = cgmatrix(:,2:2:6); 
[aa,rr]=max(cgmatrixDaily); 
[aa,cc]=max(aa); 
disp(' ') 
disp(['The best obtained single and daily result was: ',num2str(aa),' which came 
from using Window_C: ']) 
disp([num2str(Window_All(rr(cc))),' and using order: ',num2str(cc)]) 
[aa,rr]=max(cgmatrixWeekly); 
[aa,cc]=max(aa); 
disp(' ') 
disp(['The best obtained single and weekly result was: ',num2str(aa),' which came 
from using Window_C: ']) 
disp([num2str(Window_All(rr(cc))),' and using order: ',num2str(cc)]) 
disp(' ') 
disp(['There where ',num2str(buy),' reports that said BUY with an average of 
',num2str(Abuy),' correct guesses.']) 
disp(['And ',num2str(sell),' that said SELL with an average of ',num2str(Asell),' 
correct guesses.']) 
disp(' ') 
disp(['The reliability constant (GJ) is: ',num2str(abuy/asell),' (if this is 
above 1 --> BUY).']) 
disp(['The reliability constant (J) is:  ',num2str((Abuy-0.5)*buy-(Asell-
0.5)*sell),' (if this is above 0 --> BUY).']) 
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disp(' ') 
disp([num2str(Procent_Index), ' percent of the days were a down going day and']) 
disp([num2str(Procent_Zeros), ' were a non-changing day (', 
num2str(length(find(Y_Diff_Daily == 0))), ' out of ', 
num2str(length(Y_Diff_Daily)), ' that is).']) 
disp(' ') 
toc 
  
%% End 
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