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Abstract— Association rule mining of the web user transaction
is one of important techniques for extracting information from
web data, including its content, link, and user information using
data mining tool. This technique finds a pattern and causal
relation between items on given databases. The Maximal
Association Rule is a data mining tools to determine the association
rule the rough set theory based. Accordingly, the rough set can
be defined in a form of soft set. This paper presents an
implementation of Soft Maximal Association Rule which is the soft
set theory based for web mining. The experiment shows that the
computation of the proposed technique outperforms comparing to
the baseline technique.
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I. INTRODUCTION

Web Information Gathering (WIG) is a mechanism
consists of finding relevant information on the Web to meet
information needs of their user. The "overload" problem is
considered as a popular issue related to the effectiveness of WIG
[1]. This problem is produced when the number of useful web
information is large and included in the users requests [2].

Web mining is a technique in data mining to knowing and
extracting knowledge on the website automatically [3]. Cooley,
Mobasher, and Srivastava are more highlighting for the
importance of web users behavior [4]. Web mining is divided in
some steps, those are finding information resource, selecting
information, finding knowledge or pattern, and analyzing the
pattern founded [5].

Web mining technique can be generally defined as a method
for extracting the information from web data consisting of
content, link, and user information with data mining tool.
Between web data, user clicking sequence such as data usage
can describe user navigation pattern and identify usage load.
After the data has been characterized effectively, it can be giving
benefit the next web application such as facilitating and
increasing the quality of web service for both web supplier and
user [6]-]8].

Association rule mining is one of some important techniques
in data mining. This technique is used for knowing pattern,
causal relation between the items of a set from given database.
The maximal association rule is introduced by Feldman et all
[9], [10] considered as an association rule mining modification.
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Guan, Bell, Liu, [11] and Anderson, McClean, S.[12]
introduced maximal association rules method via the rough set
theory [13]-[15]. It is known that a rough set can be represented
in a soft set [16]. Therefore, we propose further recitation about
how to apply soft set to solve the proble of association rule in
web mining.

II. SOFT SET THEORY

Lets U refers to the universe that is not empty, E is a
parameter set which is clearing the object in U, the power set of
Uis(P,U)and A C E.

Definition 1. (look at [16]). The pair (F, A) is called a soft
set in U, where F is the mapping that is presented in (1):

F:A-P) (1

From another point of view, a soft set (F,A) in U is
parameter subset of U. a € 4, f(a) can be reputed as a set of
element a of soft set F(A) or approximation element a of soft
set(F, A)[16].

Example 2.1. as in [16],Given universe U =
{uy, Uy, us, Uy, us, Ug} is a set of house candidates we want to
buy and parameter set E = {e;, e,, €3, €4, €5} is a set of house

conditions contain of “beautiful,” “modern,” “cheap,” “many

reparations,” and “little reparations”. Suppose G is the mapping
of parameter E in a group of subsets which belongs to the
universe U. It can be denoted as below:

G(e1) = {uq, Uy, Uz, Uy, Us, Ug},
G(ez) = {uy, up, ugl,

G(es) = {uy, us},

G(es) = {ug, ug, us},

G(es) = {us, ue}.

Soft set (G, E), describes the condition of the house we want
to buy. According to the data, soft set (F, E) can be written as:

beautiful = {uy,u,, us, Uy, Us, Ug}

modern = {uy, Uy, Ug}

cheap = {uy,us}

many reparations = {u, U, Us}
little reparations = {us, ug}

(G,E) =
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III. REPRESENTING WEB USER TRANSACTION IN SOFT SET

The connection inter a given soft set and a information
system having binary values can be represented in propostion 1.

Proposition 1. If (G,E) denotes a soft set defined in
universe U. (G,E) constitutes a binary-valued information
system denoted by S = (U A, Vio 1y g)

Proof. Let (G, E) represents a soft set in the universe U. It is
possible to have the mapping G = {g4, g2, ..., gn} Where:

7~V @
And
_(Lx€G(ey) .
s ={ e 1sis Al ®

Hence, if A=E,V = Ug,eaVy, where V,, ={0,1}. The
pair of (G,E) can be presented by S = (U,A,Vp1},9) a
Boolean-valued information system.

Proposition 1 illustrate, a particular binary-valued
information system can be denoted as a soft set. It is possible to
establish a direct connection inter the pair (G, E) over U and

S =(U,AVg4,9)

Example 3.1. To illustrate Proposition 1, let we consider
from the example 2.1, we are able to representing the soft set as
table or information system having binary values as in Table II.

Table 1.A Boolean-tabular example 2.1.

U/E €1 e, ey e, es
Uy 0 1 0 1 1
U l 0 0 0 0
g ] 1 0 1 0
Uy 1 0 0 0 0
Ue 0 0 0 1 0
Uy 0 0 0 0 0

Web access transaction is defined as a pair of finite groups:
the transaction affected by the user and the web links [17]. The
transactions affected by the user is denoted by the set U, which
is represented by a sequence of elements belong to m users. In
contrast A4 is represented by a group of different n clicks affected
by a specific user. Hence U = {ty,t,,..,t,} and A =
{hly, hl;, ..., hl,}, where for every t; € T € U is a subset of U
where t; is non empty. The provisional arrangement of the clicks
for a specific transaction has been taken into consideration. The
transaction is denoted by a vector t = [uf,us, ..., uf], where
uf = 1ifhl; € t, and uf = 0 if otherwise.

The following example illustrates how to represent web user
transactions using soft set theory.

Example 3.2. Given data of user transactions visiting web
there are four (|U| = 4)) user visit five (|E| = 5) hyperlinks
on the web.
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t; = {hly, hlz},

[hls, hls, hly).
(hly, hl=. hls),
{hla, hly, hls}.

ty=

L3

ty

The web transaction of users can be described as in Table II.

Table 2. Data transactions

U/A hl, hl, hl, hl, hl.
0, 1 1 0 0 0
U, 0 1 1 1 0
Us 1 0 1 0 1
Us 0 1 1 0 1

From Table 2, we can easily to understand that is user clicks
the hyperlinkhl;, then the user will click on hyperlinkhl,, and
etc. The Table 2 above can be represented into a soft set as
follow

hly = {u;, us}
hly = {uy, up ug}
hly = {uy, uz, ug}

hly = {us, us}

(F,E) =

IV. SOFT MAXIMAL ASSOCIATION RULE FOR WEB MINING

Consider to the web user transaction, it can be described as
a soft set theory. Therefore, the soft maximal association can be
used to find the rule of web user transaction.

Definition 4.1. Suppose soft set (G,E) over U, u € U,
where E represents a collection of hyperlinks (hl) visited by
user. The set of co-occurrence in the transaction u are denoted
as(4):

Co(w) = {hl € E: g(u, hl) = 1} 4)

Definition 4.2. Soft Maximal association supports a
parameter D to be noted as SMsup(D), defined as U transaction
number that maximal support D, as in (5):

SMsup(U) = {u: D = Co(w)NE} &)

Definition 4.3. Soft Maximal association rule C and D,
where two maximal hyperlink sets C,D € E and CN\D = @ are
the implication of CmaxD. Item set C is called maximal

=

antecedents and D is the consequent. Maximal association
support from maximal association rule C = D, notated as

Msup (X maxY), defined as (6) :
=

Msup (Cmng) = Msup(CUD)
={a:CUD = Co(w)NE} (6)
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Definition 4.4. Soft Maximal confidence from maximal
association rule CmaxD that is notated as Mconf (C maxD),
= =
is defined as (7)

{u:C = Co(w)NE}
{u:CUD = Co(w)NE}

__ Msup(CUD)
Mconf (Cmng) = sup(©)

V. COMPUTATION

In concern to analyze proposed method performance, the
experiment is conducted on two UCI benchmark datasets i.e:
Microsoft and MNBC web user transaction. Then results in form
of the support, confident and Response time are compared with
baseline method. The algorithms are implemented PhP software
with the Windows 10 operating system. The data sets are
executed sequentially either Intel processor GHz i5. The amount
of main memory is 4G.

A. Microsoft data set

The Microsoft log data is recorded from anonymous user
www.microsoft.com which is selected 38000 randomly. The
data constitutes all the areas of the website (Vroots) visited by
users in February 1998. The data comes from one week
containing 294 Vroots. Identification of user is only by a
sequential number. The log file contains no personally
identifiable information.
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Fig. 1 The Microsoft web user rule using Maximal
Association Rule
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Fig. 2 The Microsoft web user rule using Soft Maximal
Association Rule

B. MSNBC data set

The data set is recorded from mscnbc.com website internet
server (IIS) logs and its news related. The data is obtained in 28"
September 1999 (Pacific Standard Time), where the datasets
sequence represented by a page views of a particular user in one
day period. An the order of the events indicates the total requests
of a page by a particular user. All requests are registered at the
page category level, which is determined by the administrator.
The categories defined as follows: "msn-news," "opinion,"
"news," "local," "on-air," "weather," "FrontPage," "health,"
"living," "business," "tech," "sports," "summary," "music,"
"bbs (bulletin board service),” "travel," and "msn-sports". The
data do not contain web page demands delivered with a caching
mechanism, because were not saved in the server logs.
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Fig. 3 The MSNBC web user rule using Maximal
Association Rule
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Fig. 4 MSNBC web user rule using Soft Maximal
Association Rule

Fig. 1 and 2 show the ten highest support and confidences of
the Microsoft web user transaction rule using maximal
association rule and soft maximal association rule, respectively.
The highest confidence of Microsoft web user transaction rule
using maximal association rule is reaching up to 60%, and run
into more 90% when using soft maximal association rule. Fig. 3
and 4 show the ten highest support and confidences of the
MSNBC web user transaction rule using maximal association
rule and soft maximal association rule, respectively. Both of the
methods achieve more than 90 % of confidence. The executing
time of web association rule using maximal association rule and
soft maximal association rule is shown in Fig 5.
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Fig. 5 The comparison of executing time.

VI. CONCLUSION

In this study, a novel technique for soft maximal association
rule for web mining based on soft set theory is presented.
Firstly, the representing web user transaction in soft set is
explained. Thus, the soft maximal association rule can be
applied to find the pattern of web visitor or user. We elaborate
the technique trough the benchmark datasets of Microsoft and
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MSNBC. The computational results show that the soft maximal
association rule discover rule with high confidence and achieve
faster executing time.
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