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ABSTRACT
In present days of growing information technology, many browsers available for surfing and web mining. A user
has option to use any of them at a time to mine out the desired website. Every browser has pre-defined level of
popularity and reputation in the market. This paper considers the setup of only two browsers in a computer system
and a user prefers to any one, if fails, switches to the other one .The behavior of user is modeled through Markov
chain procedure and transition probabilities are calculated. The quitting to browsing is treated as a parameter of
variation over the popularity. Graphical study is performed to explain the inter relationship between user behavior
parameters and browser market popularity parameters. If rate of a company is lowest in terms of browser failure

and lowest in terms of quitting probability then company enjoys better popularity and larger user proportion.
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I. INTRODUCTION

A browser has many salient features like user friendliness,

portability, hardware freedom, efficiency, legal precedence,
low cost, data privacy etc. One of the efficiency parameter
relates to quick and speedy connectivity of web sites. When
connectivity fails with certain probability it is termed as
browser failure (BF). Features for attractiveness of a
browser in the market is termed as quality of service

(QOS).

Stochastic modeling approach to a computer system is
due to Naldi (2002), Shukla and Gadewar (2007), Shukla et
al. (2007). In contribution Shukla and Jain (2007)
stochastically modeled multilevel queue scheduling and one
more similar extended by Shukla et al. (2010 d & g ) in the
data model setup. Catledge and Pitkow (1995) examinied
browsing stratigies by a method of characterization. A
Markov model application is adopted by Deshpande and
Karpis (2004) over web page access for computing and
prediction purpose. A usefull contribution in similar lines is
due to Pirolli (1996). In web mining area, Pitkow (1997)
presented a search procedure in the scenario of World Wide
Web. Detailed description over different data mining
techniques is due to Han and Kamber (2001) and over the
topic of stochastic process is due to Medhi (1991).

Application of Markov Chain model on ready queue
processing time estimation presented by Shukla et al. (2010

b & c). Srivastav, Despande and Tan (2000) discussed
basic concepts on discovery and applications of usage
pattern for web mining. Shukla et al. (2010 g) applied the
Markov Chain model approach on message flow probability
computations and Shukla et al. (2009 a, b, ¢) have similar
application over the study of Internet share distribution.

Motivation derived from these to model the user browsing
behavior for web-site of Internet. This paper presents a
simple stochastic model when two browser owner
companies are in competition for more and more popularity
and attractiveness in the market. We define browser failure
as the failure of opening web site, non-compatibility to
operating system, lack of appropriate software and its
complexity. The general behavior of a user is to choose one
browser out of two which is most popular among people
and provides lowest failure rate (or blocking). Objectives
of this content are:

1. To examine the effect of Quality of Service (QOS)
on browser popularity in public;

2. To study the effect of browser failure on browser
sharing.

Let {Xn, n> 0} be a Markov chain with state space {C, Q,
By, B, , S} where

State C: represents connecting state.

State Q:user quitting from the process.

State B;:user attempts to surf through browser B1.
State B,:user attempts to surf through browser B,.
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State S:success for connectivity and surfing.
The Xn denotes the position of random variable X in the
state space at the n” connectivity attempt made by the user.

I1. ASSUMPTIONS FOR USER BROWSING BEHAVIOR

1) The user attempts for dial up connection to use
internet. If the connection is not established, user quits
with the probability Pc.

?2) When connection is made user chooses any one of
browsers By, B, with the probability P and 1-P
respectively.

3) User navigates to any one browser at a time when
successfully opened.

4) B; (i=1,2) failure occurs due to non-opening of any site
through B; .Then user either quits (with probability Pq
) or switches to the next browser.

5) Switching between browsers are on attempt by attempt
basis (n=1,2,3....).

(6) Initial preference is based on quality of services and
variety of facility features contained in both browsers.

) Failure probability of a browser B; is b; and of B, is
bz.

®) Transition probability of surfing through B, being
completed in a single attempt is (1 — by).

) Absorbing state (transition from a state to itself)

probability is 1. No transition from this state occurs.
Under these assumptions user’s browsing behavior is
discussed by a Markov Chain Model (see fig.2.1) in which
the transition probabilities are on the arcs connecting the
circles and representing the chain states.

(1-P)(1-P.)

Fig. 2.1 [Transition Diagram of user browsing]

The initial conditions n=0, (state probability before the first
surf attempt) are:

825
plx®=c] =1
Plx©=8] =0
P[X © — Bz] — 0 ...(2.1)
Plx®=s] =0
Pix®=q] =0
The unit-step transition probability matrix is:
B, B, S Q C
S 0 0 0 O
Q 0 0 0 0
c|Pi-pr) (1-P1-P,) o0 P 0
Table: 2.1 [Transition Probability Matrix] (&%)
Transition probabilities over multiple attempts are:
For n=1,
Plx® =8
= P[x O = C]P[x =B | X = c]
=P.(1- pc) ...(2.33)
P[x® =B,]
= P[x RE C]P[x M =B, | x© = c]
=1-P)(1-P,) ..(2.4)
P[x =q]
=P[x(°>=c] P[X(” =Q|x® =c]
= P, ..(25)
For n=2,
P[x® =]

=p[x =B,JA[x? =B, | X" =B
=p[x” =c]Ax® =B, | x® =d]o,a-P,)
=1]a-pa-polb, - p,)

=b,a-Pya-r)a-p,)

For n=3,

...(2.6)
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GETY
=p[x® =B,Jx® =B, | x® =B

Pl =8)e{x =, 1x" =] f-p

= [P(l_ Pc)] bl(l_ Pq)[bz(l_ Pq)]

=bb,P(1-P)1-P, 27)
P[x (2n) = Bl]
= b g (1-P)(1 =P )= P, "0 >0 .(2.8)
p[x b = ]
=(b,b, )’ PA-P)1-P, "0 >0 2
Similarly, for browser B,
P[x ) =]
=bby ' P(-P )1 -P, )" ;>0 +(2.10)
When n is odd
p[x ) =,
L(2.11)

=(b,b, ) (1-P)1-P.)1-P,f":n>0
1. CATEGORIZATION OF USER:

Based on blocking in web surfing user categories are

(1)  Faithful Browser User: - who sticks with any
one browser chosen in first attempt (the user
who is not interested to toggle in between
browsers).

2) Impatient Browser User: - who frequently
switches between two available browsers. He
does not stick surff with any one browser.

If B, selected, it’s browser failure probability is b; and if
B, selected, blocking probability is b,. Average blocking
probability for faithful users (when n> 1) is

B, =Pb, +(1-P)p, SHCRY
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For Impatient user the browser failure probability depends
on number of attempts. At the n™ attempt this is (when n >

1))

B = P[X"™" =B,]b +P[X"" =B,]b, ..32)
' PIX™ D =B ]+P[X" =B,]

Since the state probability for B;& B, at the n™ attempt
depends whether n is even or odd, we can have two
expressions.

afn even) _ (1-R)(1-P)""b,
(1-P)1-Poy/b, "> )b, 1-Pg™
+Pb" b, 2 (1-P)1-P)""

- b,b,
Pb, +(1- P)b,

Py(bb,)"™ (1=P)(1=P)"" b,
+(1-P),(bb,)"" (1=P)(1-P,)b,
(bb,)" (1-P,)1~P)""

+(1=P)y(bb,)™ 1=P)A-P)™

_ Pb,+(1-Pb,) _ ~
= TPy CPDt(-Pb)]

With equations (3.1) & (3.4) the average blocking
(congestion) probabilities of faithful user (Bf) are equal.
Since the geometric mean of the blocking probabilities b;

..(33)

B_(n odd) _

...(3.9)

and b, is smaller than their weighted sum (if b, Z Db, ). e.

Job, <Pb, +(1-P)b,=P(b, —b,)>./bb, —b,

L p> V0D b,

lf(bl > b2)
(:b bzé ..(3.5)
:p<7§%gf if(b, <b,)
1 2

The equations (3.3) and (3.4) are similar to Naldi
(2002).The strategy adopted by the impatient user is in fig.
3.1, 3.2 and 3.3 shown in the regions of (b;, P) plane where
the impatient user’s behavior is favored when the B,’s
blocking probability is 0.02, 0.04 and 0.08 respectively.
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Fig. 3.1 Favoured strategies (when b, = 0.02)
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Fig. 3.2 Favoured strategies (when b, =0.04)
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Fig. 3.3 Favoured strategies when (b, = 0.08)

The browser failure probability is inversely proportional to
initial choice of user (see fig 3.1 to 3.3), but when blocking
due to other browser is high the share of first browser
increases. We can express that

PDL and
b

1

POb, ForB,

The competitor browser failure if high, produces gain in
user’s proportion for that browser.
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IV. BROWSER SHARING:

The probability that navigation successfully starts with
browsers Bj at the n™ attempt is:

0 = plx ) =g, [plx ) =s|x () =

N>0 @
"= (1-b,) ZP[X ) =g] (42
Let bb,(1-P,F =r
V=(1-b) ZP[X =B]=(1-p)=0 (3
R,
=la-bl>[P(x'<?>:Bl)w(xmsl)]
=(t-p)Jo+P(-r.)] =(-b)PO-R.] .4

(1-b,)3 P[X(‘)— ]

b)[P(x" =B )+P(x) =B )+P{x? =B ]
=(1-b1)[o+P( ~R.)+(1-P)1-R.) b,(i-P,]
= (1-bP{i-R.)+(1-P)1-P.) b,(-P,]

)

_U

For n > 0; when nis even

P =(1-b,)

...(4.6)
_ 0l
+(1-P)1-P.)i- P)o{l ' }
For n > 0; when nis odd
P(2n+1) =(1-b l—rn
G-
U= )+ 1PN B ] - 47

These two equations exhibit the overall probability of
sharing two browsers by user in a web environment. These
two proportions also reflect how the sharing of two
different browsers changes with respect to the initial
preference.
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The limiting cumulative probabilities of successfully
surfing through the two browsers can be obtained by taking
the limit of expression (4.6) & (4.7) over infinite attempts
i.e. when the number of attempts are infinitely large.

When n is even

p= limp™

n—oo

P+(1-P)(1-P, )b,

— (1-p 1P (4.8)
(o)i-r) T
When n is odd

. —=(n+)

R =limP
|:’+(1—F’)(l—|:’)b2
=(1-b )1-P :
( l)( C) 1—b1b2(1_Pq)2 ...(4.9)

These expression are independent of parameter n. Browser
sharing depends on P, P,, b;, b, and P.. Both expressions
(4.8) and (4.9) are same.

V. 1SO-SHARE CURVES:

If we fix the final browsing share of user proportions then
what shall be initial share to maintain the same ? This could
be obtained by following equation.

bb,[1-R +P,2R -RP, +P. -]

+R -b,[l-P,(1-P)~P.(1-b)
(1=P)b,{o,(1-P,)~ 1}
+1-b,(1-P,)(1-P)

...(4.10)

The initial share P is a function of final share P, with many
other parameters. Iso-share curve indicates for what initial
share of user proportion required if the final share level is
fixed for both.

V1. GRAPHICAL STUDY:

From fig 5.1 to 5.3, increasing label of browser failure
leads to loss of final browser user group share. If
probability Pc is high, the fall in browser user proportion
rate is also high. Moreover, if b, is high this loss is
relatively lower.
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The iso-share analysis (see fig 5.4 to 5.7) indicates that if
final share is 30% and browser failure is 20% then the
initial share must be around 30%. If browser failure is high
then correspondingly the initial share should also be high.
When competitor browser failure rate is high then the low
initial share of user proportion is accomodable. More and
more user’s will opt that browser having the lower failure
rate.
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Fig 5.7 (Pq=0.5,b1=0.5,b2=0.5)

The Pc which is quitting probability of from attempt
process has adverse effect on initial traffic share. With the
increase of Pc browser sharing proportion of user falls
down. Moreover if a browser owner company keeps final
user proportion high, then with increasing Pc probability,
the fall in initial share proportion user is very high.
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VIL

The browser failure probability affects to the user
proportion in the market and having inversely proportional
relation. However, between two the other competeting
browser failure rate increases the user proportion of the
earlier. If the quitting probability Pc is high then fall in
proportion of browser user rate is also high. If the browser
owner company wants to maintain a certain standard of user
share proportion then company has to maintain a certain
level of initial proportion. More and more user’s will opt
that browser having the lower failure rate. The quitting
probability Pc affects the proportions of initial browser
share, and with the increase of Pc this proportion falls
down.

CONCLUDING REMARK:

It is recommended for browser owner competitors to reduce
their quitting probability Pc as much as possible in order to
maintain their customer proportion. However companies
are advised to have a watch on browser failure rate of other
competeting companies.

If a rate of a company is lowest in terms of browser failure
and lowest in terms of quitting probability Pc then the
company can enjoy relatively a large number of browser
user proportion in the market.
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