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Abstract 
 

Background/Objectives: To measure occupancy using transition probability matrix as a data analysis method to predict future require-

ments for web use. From this study, Executives facing business challenges can enhance the decision-making process for management and 

can be provided quantified evidence. 

Methods/Statistical analysis: Transition matrix and transition probability matrix are estimated if web users’ webpage use patterns are tied 

with frequency, using web log data. Occupancy is forecasted based on a Markov chain model.  

Findings: Data analysis from the perspective of web log-based marketing mostly focuses on increasing traffic and improving transition 

rates. However, general-purpose tools such as Google Analytics provide diverse web log data. In assumption of independence on users’ 

page reload, occupancy can be easily estimated through matrix on page reload (transition). As a result, we obtained slightly different results 

from the usual method that reported only frequency. In particular, rather than making business decisions with the frequency of absolute 

concepts, we were able to identify the top priority services through the percentage value of relative concepts. 

Improvements/Applications: The occupancy prediction using transition matrix is about future prediction based on previous information. 

However, it differs from marketing techniques in that it is estimated based on probability. In addition, it is able to predict more accurately 

through a probability model. 
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1. Introduction 

In the analysis of web use information data, users’ behavior patterns 

are analyzed by applying general data-mining technique and meth-

odology from marketing perspective to the website [5] [6]. Then, 

individual- or group-customized services are provided [3] [4] [8]. 

After that, the growth and development of user environments are 

pursued by monitoring traffic and diagnosing problems just like in-

teractions between the web operator and users. The conventional 

web log analysis techniques are mostly just a diagnosis on past is-

sues as a performance-centered typology using numerical data. 

Therefore, it is hard to find any clue on future operational decisions. 

This study proposes more accurate prediction or forecast, using a 

Markov chain model after expressing singular values on page re-

load among web log data in matrix and implementing transition 

probability matrix [2]. These predicted outcomes could play a key 

role in decision-making and provide optimized services to users [7].  

2. Proposed work 

In particular, predicting the requirements using the results when a 

user visited a website is a very important factor in terms of infor-

mation provision and communication with the service provider. Re-

garding analysis of user behavior patterns, clustering by service ses-

sion, creation of association rules and network analysis are usually 

used. In Markov chain model-based analysis, the page change by a 

user’s click is defined as an independent variable incident before 

and after a certain point in time. In this study, among the dimensions 

provided by Google Analytics, PagePath values were used. For the 

measurement of page variables, pageview was referred to for met-

ric. Depending on analysis purposes, association and migration-

deemed services were sorted and grouped. If n-by-n matrix is ex-

pressed in pageview according to the number of the classified ser-

vices, it is defined as transition matrix. In this matrix, then, ‘row’ 

and ‘column’ refer to point in time before and after change respec-

tively. Since row sums are a sum of the position before the change, 

therefore, transition matrix probability can be completed through 

division with this value. In other words, the assumption that the sta-

tus before the change independently determines current conditions 

regardless of the past situation according to Markov attribute with 

the application of conditional probability distribution is accepted 

[9] [10].  

A discrete-time Markov chain is a sequence of random varia-

blesX_nwith markov property as known as probability of moving 

to the next state depends only on the present state and not on the 

previous states. Markov chains are often described by a sequence 

of directed graphs, where the edges of graph n are labeled by the 

probabilities of going from one state at time ‘n’ to the other states 

at time ‘n+1’. The same information is represented by the transition 

matrix from time n to time ‘n+1’. However, Markov chains are fre-

quently assumed to be time-homogeneous, in which case the graph 

and matrix are independent of ‘n’ and are thus not presented as se-

quences. 

Markov chains are processes where 
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Pr(𝑋𝑛 = 𝑥𝑛| 𝑋𝑛−1 = 𝑥𝑛−1 )  

 

For positive integer ‘n’.  

The probability of going from state i to state j in ‘n’ time steps is 

 

𝑝𝑛,𝑖𝑗 = Pr(𝑋𝑛 = 𝑗 | 𝑋0 = 𝑖)  

 

And the single-step transition is 

 

𝑝𝑖𝑗 = Pr(𝑋1 = 𝑗 | 𝑋0 = 𝑖)  

 

Fora time-homogeneous Markov chain is 

 

𝑝𝑛,𝑖𝑗 = Pr(𝑋𝑘+𝑛 = 𝑗 | 𝑋𝑘 = 𝑖)  

 

𝑝𝑖𝑗 = Pr(𝑋𝑘+1 = 𝑗 | 𝑋𝑘 = 𝑖)  

 

The n-step transition probabilities satisfy the Chapman-Kolmogo-

rov equation, that for any k such that 0< k <n, 

 

𝑝𝑛,𝑖𝑗 ∑ 𝑝𝑘,𝑖𝑡𝑡∈𝑆 𝑝𝑛−𝑘,𝑡𝑗   

 

Where S is the state space of the Markov chain. 

The Marginal distirution P r(𝑋𝑛 = 𝑥) is the distribution over states 

at time ‘n’. The initial distribution is P r(𝑋0 = 𝑥). the evolution of 

the process through one time stepis described by 

 

P r(𝑋𝑛 = 𝑗) = ∑ 𝑝𝑡𝑗𝑡∈𝑆 P r(𝑋𝑛−1 = 𝑡) = ∑ 𝑝𝑛,𝑡𝑗𝑡∈𝑆 P r(𝑋0 = 𝑡)  

 

In this study, the web log data of an online idea platform [1] was 

adopted. About 4 pageviews were observed per person (session). 

As stated in the equation above, ‘n’ is confirmed in most data from 

‘1’ to ‘4’. However, it should include page landing for the first time. 

Since there is no limitation in ‘n’, ‘n’ would actually be infinite 

from ‘0’. Such data are divided by ‘n’ and ‘n-1’, and the frequency 

in which the point in time is converted in one on one is expressed 

in matrix. Then, the following transition matrix is developed. 

 
Table 1: Pageview Transition Matrix 

 Exit Main 

Idea 
com-

mu-

nity 

Men-

tor-
ing 

~ 
Sear

ch 
Etc. Sum 

En-

tran

ce 

- 
180,
235  

45,8
93  

13,8
73  

  345  
56,5
01  

636,7
12  

Mai

n 

97,4

52  

47,2

80  

37,9

04  

26,0

32  
  

3,92

3  

11,7

63  

470,9

15  

Idea 
com

mu-

nity 

57,6

75  

23,4

31  

376,

712  

5,00

1  
  295  

1,48

2  

494,8

21  

Men

tor-

ing 

34,7
11  

21,3
88  

5,84
5  

259,
337  

  652  
6,93
3  

380,7
23  

~         

Sear

ch 

1,43

9  

1,33

5  
188  813    

8,38

0  

1,09

3  

18,65

2  

Etc. 
46,0

14  

8,80

2  

2,19

9  

4,38

0  
  735  

120,

505  

212,7

73  

Sum 
629,
002  

470,
236  

495,
986  

382,
784  

  
18,3
41  

213,
778  

3,955,
419  

 

If idea plant services are divided into 14 categories including en-

trance and exit, all transitions can be expressed. According to Table 

1 above, the transition from entrance to exit has no frequency be-

cause no session is created. A diagonal matrix component refers to 

page transition or browser refresh in the service. In other words, in 

case of ideacommunity, the service is very crowded, which means 

low transition to other services. With a 1-dimension review on fre-

quency only, it is able to get multiple insights on operation. If the 

transition matrix is converted into probability at ‘n-1’, the values 

would appear as follows:   

 
Table 2: Transition Probability Matrix of Pageview 

 Exit Main 

Idea 

com-

mu-
nity 

Ment

oring 
~ 

Searc

h 
Etc. 

Su

m 

En-

trance 

0.00

0 

0.28

3 

0.07

2 

0.02

2 
 0.001 

0.08

9 
1 

Main 
0.20
7 

0.10
0 

0.08
0 

0.05
5 

 0.008 
0.02
5 

1 

Idea 

com-
mu-

nity 

0.11
7 

0.04
7 

0.76
1 

0.01
0 

 0.001 
0.00
3 

1 

Men-
toring 

0.09
1 

0.05
6 

0.01
5 

0.68
1 

 0.002 
0.01
8 

1 

~         

Searc

h 

0.07

7 

0.07

2 

0.01

0 

0.04

4 
 0.449 

0.05

9 
1 

Etc. 
0.21
6 

0.04
1 

0.01
0 

0.02
1 

 0.003 
0.56
6 

1 

 

Table 2 reveals the division of the sum of rows in a transition ma-

trix. A concept of standardization was applied. This probability ma-

trix has the meaning equivalent to the frequency in Table 1. How-

ever, it can provide additional insight as a relative concept. The 

probability matrix was calculated for a more advanced concept. The 

repetitive self-multiplication of probability matrix reaches a steady 

state with the application of limit theory to transition actions. Then, 

steady state probability is calculated.  

If the Markov chain is a time-homogeneous Markov chain, so that 

the process is described by a single, time-independent matrix pij, 

then the vector π is called a stationary distribution(or invariant 

measure) if∀j ∈ S. 

 

0 ≤ πj ≤ 1.  

 
∑ 𝜋𝑗 = 1𝑗∈𝑆   

 

𝜋𝑗 = ∑ 𝜋𝑖𝑝𝑖𝑗 = 1𝑗∈𝑆   

 

An irreducible chain has a positive stationary distribution if and 

only if all of its states are positive recurrent.In that case, π is unique 

and is related to the expected return time: 

 

πj =
C

Mj
  

 

Where C is the normalizing constant. Further, if the positive recur-

rent chain is both irreducible and aperiodic, it is said to have a lim-

iting distribution 

For any i and j, 

 

lim
𝑛→∞

𝑝𝑛,𝑖𝑗 =
𝐶

𝑀𝑗
  

 

If a state i is periodic with period k > 1 then the limit 

 

lim
𝑛→∞

𝑝𝑛,𝑖𝑖  

 

Does not exist, although the limit 

 

lim
𝑛→∞

𝑝𝑘𝑛+𝑟,𝑖𝑖  

 

Does exist for every integer r. 

A Markov chain need not necessarily be time-homogeneous to have 

an equilibrium distribution. If there is a probability distribution over 

states πsuch that 

 

𝜋𝑗 = ∑ 𝜋𝑖 Pr(𝑋𝑛+1 = 𝑗 | 𝑋𝑛 = 𝑖)𝑖∈𝑆   
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for every state j and every time n then πis an equilibrium distribu-

tion of the Markov chain. Such can occur in Markov chain Monte 

Carlo (MCMC) methods in situations where a number of different 

transition matrices are used, because each is efficient for a particu-

lar kind of mixing, but each matrix respects a shared equilibrium 

distribution. 

 

𝜋 = {𝜋1, 𝜋2, 𝜋3, … , 𝜋𝑛}  

 

𝜋 = 𝜋 × P  

 

𝜋 = 𝜋 × 1 = 1  

 

The probability vector ‘π’ refers to steady state probability. The 

multiplication of transition action means the repetition of acts. In 

other words, future acts are also independently included. Accord-

ing to Markov chain theory, therefore, steady state probability 

means future occupancy. Steady state probability can be exponen-

tiated until the transition probability matrix ‘P’ is converged, or it 

could be estimated, using singular value decomposition (SVD) un-

der linear algebra. In this study, it was calculated by multiplication 

with unlimited at limited. The calculation would appear as fol-

lows:  
Table 3: Steady State Probability of Pagevie 

  
Exi

t 

Ma

in 
 

Idea-

com

mu-
nity 

Me

nto

rin
g 

~  
Sear

ch 

Etc

. 

Su

m 

stea

dy 

stat
e 

 
0.1

59  

0.1

18  
 0.126  

0.0

98  
~  

0.00

5  

0.0

54  

1.0

00  

3. Conclusion 

The prediction of future occupancy using a transition matrix is use-

ful in diverse fields. Since the matrix is divided into two parts (be-

fore, after), the overall aspect can be understood with a section. 

With the understanding of numbers only, it is able to check if ser-

vices are properly operated. If economic theories are applied, in ad-

dition, elasticity and sensitivity can be measured through a correla-

tion model. Furthermore, using the probability-based Markov chain 

model, a future state (occupancy) can be predicted. Therefore, it 

would be helpful in planning operation. However, the results can 

slightly differ depending on the data editing standards of the web 

log used in developing a transition matrix. In this study, dimension 

and metric provided by Google Analytics were used. However, the 

results can vary depending on page path setting conditions, use of 

pageview and metric count on entrance and exit. Therefore, it needs 

to be cautious in setting data depending on service characteristics 

and analysis purposes. 
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