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ABSTRACT KEYWORDS
Association rule mining is an important data mining technique used for discovering relationships among all Continuous Action-set
data items. Membership functions have a significant impact on the outcome of the mining association rules. An Learning Automata
important challenge in fuzzy association rule mining is finding an appropriate membership functions, which is (CALA), Data Mining,
an optimization issue. In the most relevant studies of fuzzy association rule mining, only triangle membership Fuzzy Association Rules,
functions are considered. This study, as the first attempt, used a team of continuous action-set learning automata Learning Automata,
(CALA) to find both the appropriate number and positions of trapezoidal membership functions (TMFs). The Trapezoidal Membership
spreads and centers of the TMFs were taken into account as parameters for the research space and a new Function.

approach for the establishment of a CALA team to optimize these parameters was introduced. Additionally, to
increase the convergence speed of the proposed approach and remove bad shapes of membership functions,
a new heuristic approach has been proposed. Experiments on two real data sets showed that the proposed
algorithm improves the efficiency of the extracted rules by finding optimized membership functions.
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I. INTRODUCTION some applications. The methods using trapezoidal membership
functions (TMFs) supposed that the shape of the trapezoidal

BY increasing the volume of data in the databases, effective membership functions for each linguistic term are well known. If so,
techniques are required to manage the data in these databases. some mined results may be inappropriate.

Data mining is the process of exploring great amounts of data from
transactional databases to obtain interesting information [1]-[2]. Some
important data mining techniques include clustering [3], classification
[4], prediction [5], text mining [6], and association rules [7-10].
Association rule mining is used to produce meaningful relationships
among data elements within the transaction databases [11, 12]. One
association rule is described as X—Y, where X and Y belong to itemsets
and X NY = @. This means that, if the set of items belongs to X, it most
likely also belongs to Y [12]. The Apriori algorithm is an efficient
algorithm in data mining [13], and uses statistical techniques to find
association rules.

In this study, we addressed the above issue and proposed a
novel algorithm that uses continuous action-set learning automata
(CALA), named CALA-AFTM, to find position and the number of
TMFs in fuzzy association rule mining at the same time. CALA is a
mathematical approach that interacts with an environment and by
using the environment response, generates a common reinforcement
signal [36]. CALA has several advantages. Unlike other metaheuristic
methods, to optimize a function, CALA only needs to build one team
of LA which is equivalent to one chromosome in other evolutionary
algorithms. Therefore, it requires fewer evaluation functions. It also
needs fewer parameters to perform the optimization process, and can

Fuzzy theory used in many fields, such as engineering applications,  find the optimal local value. CALA applied in many applications and
optimization algorithms, data mining, and intelligent systems [14]-  algorithms [37]-[42].

[26]. Some research papers have proposed algorithms for extracting
fuzzy association rules [7], [27]-[35]. However, these methods only
consider triangular membership functions that are not suitable for

In this paper, finding positions and number of TMFs for each
membership function has been regarded as parameters of the search
space. To find these optimal parameters, a novel representation was
suggested to build a CALA team. This team is divided into two parts.
The learning automaton (LA) of the first part responsible for specifying
the optimal number of membership functions, and the LA of the
second part is used to optimize the positions of membership functions.
Briefly, the main contributions of this research are as follows:

* Corresponding author.

E-mail addresses: zanari323@yahoo.com (Z.Anari), rezahatamloo@
gmail.com (A .Hatamlou), anari@iaushab.ac.ir (B.Anari).

227 -



International Journal of Interactive Multimedia and Artificial Intelligence, Vol. 7, No4

The proposed approach dynamically determines the position and
number of TMFs in mining fuzzy association rule.

A new representation is developed to construct a CALA team.

To reduce the domain of the search space and increase the speed of
convergence, two constraints were proposed.

A series of experiments on two real datasets conducted to represent
the great effectiveness of the proposed approach.

To assess the results, the proposed CALA-AFTM algorithm
compared with fuzzy web mining algorithm (FWMA) [31] and VSLA-
AFTM algorithm. Two real datasets, CTI and NASA, were employed
for the experiments. They were selected because they used the time
that users spend on web pages, and since this parameter is a fuzzy
variable, it can be considered as TMFs [43]-[47].

The rest of this document is organized as follows: In Section II, a
review of related work is presented. Section III provides background
information. Proposed CALA-AFTM algorithm is shown in Section
IV. Section V provides the data set and experiment results. Finally,
conclusion and future research is provided in Section VI.

II. RELATED WORK

Most studies on data mining, used the predefined membership
functions to derive fuzzy association rules. [22] described the definition
and confidence factor of fuzzy association rule and proposed a fuzzy
mining method to derive fuzzy association rules in databases. [20]
introduced an algorithm named F-APACS for finding association
rules in fuzzy data mining. They used fuzzy linguistic terms to
manage quantitative values. This had two advantages: First, the user-
supplied threshold did not have to be determined; second, it could find
both positive and negative association rules. [48] presented a fuzzy
multiple-level approach to search meaningful fuzzy association rules
from quantitative values in transaction datasets. In their approach, first
each quantitative value was converted to a linguistic variable. Then,
for each fuzzy variable the scalar cardinality was computed. Finally,
the mining process was conducted to obtain fuzzy association rules.

Several fuzzy data mining algorithms were also suggested to extract
both the proper set of membership functions. These algorithms make
it possible to automatically adjust membership functions using meta-
heuristic approaches to extract the best fuzzy rules. [49] utilized the
genetic algorithm and presented a mining approach to find the proper
set of membership functions and fuzzy rules. In their approach, each
membership function was converted into a fixed-length string. Then,
appropriate strings were selected to build an appropriate membership
function set.

Similarly, [50] enhanced their earlier method [49] and proposed
a fuzzy mining approach using genetic algorithms and k-means
clustering algorithm to find the best membership functions and
fuzzy rules. In their method, one chromosome was assigned to
each membership function. At first, each membership functions set
was converted into a fixed-length string. Then, using the k-means
clustering algorithm, each chromosome was assigned in one of the
clusters. Finally, by assessing the fitness value, the appropriate
membership functions were determined.

Using the genetic algorithm another mining approach proposed
in [51] to obtain type-2 membership functions. There was a 2-tuple
linguistic layout schema that encoded chromosome membership
functions. In their algorithm, they used a parameter called the diversity
factor to find suitable rules. In addition, [52] utilized the genetic
algorithm to obtain the best membership functions and fuzzy rules. In
their algorithm, a 2-tuple linguistic approach was proposed to reduce
domain search space and remove improper membership functions.

Furthermore, [53] used the genetic algorithm and proposed a fuzzy
mining approach to solve the problem of intrusion detection. [54]
proposed GA-based approach to find concept-drift patterns and optimal
membership functions. They employed a 2-tuple demonstration method
to code the membership functions in chromosomes. [55] proposed
a mining method and shown a new chromosome representation to
identify suitable membership functions. In their approach, each
chromosome represented membership functions sets and contained
two parts. The first part was shown with binary strings and specified
the activation of each membership function. The second part specified
the parameters corresponding to the active membership functions.
They obtained the optimal membership functions by checking
whether the membership functions were active or not. [56] suggested
a two-step method to dynamically identify fuzzy rules and optimal
membership functions. In step one, they used a GA-based approach
and 3-tuple scheme to obtain the optimal membership functions. In
step two, they used pattern-growth method to derive fuzzy rules.

Also, [57] suggested a clustering method to automatically tune
membership functions and extract weighted fuzzy rules. In their
approach, each chromosome encoded by real number values and each
population using the fitness function value was evaluated to find
the suitable membership functions. using ant colony approach [58]
proposed an approach to derive the optimal membership functions. In
their method, each membership function encoded by binary strings.
First an initial graph was created, then the ants moved in the graph
and formed the final membership functions. [59] suggested a mining
approach based on improved ant colony method to find appropriate
membership functions. They developed a code representation and
found the real global optimum solution in a continuous space by
introducing certain operators.

[34] proposed a genetic-based approach using master-slave parallel
processing technology to find the optimal membership functions and
fuzzy rules. The main processor distributes fitness tasks among the
slave processors. The fitness function was evaluated by each slave
processor, and then the result of each slave processor sends to the
main processor. Subsequently, the main processor used all the values
of the fitness function to determine the best membership function. [60]
presented a memetic based algorithm to extract optimal membership
functions. Their algorithm for representing chromosomes the structure
type of the membership function is considered. They proposed an
approach to eliminate inappropriate membership functions using the
nature of the structure in their method, thereby reducing the search
space. In addition, their approach used structure types and extend the
local search approach to reduce domain search space and find optimal
membership functions.

[33] presented a GA-based approach to find appropriate
membership functions. In their method, each membership function
was demonstrated by three parameters. Each parameter corresponded
to one of the vertices of the triangle, and these parameters encoded
as chromosomes. Then, an appropriate membership functions sets
was derived. Also, two heuristics proposed to remove improper
membership functions and reduce domain search space. Using the
Levenberg-Marquardt method and bacterial memetic algorithm [61]
proposed a memetic based approach to find best fuzzy rules. In their
approach, each bacterium represented the parameters of the fuzzy rule.
[62] presented a mining approach using bat algorithm to find optimal
membership functions dynamically. Their algorithm considered more
factors in fitness function and by improving the local and global search
extracted more precise rules.

[63] proposed a temporal mining approach, which combines the
bee method and the fuzzy temporal mining method. Their algorithm
obtained suitable membership functions and extracted fuzzy rules.
[64] used a particle swarm optimization approach and proposed a
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framework to extract optimal membership functions. In addition to
single-objective optimization, some algorithms have also utilized
multi-objective optimization to optimize the membership functions
and extract association rules. [65] proposed a multi-objective
optimization method for a classifier system using genetic algorithm.
They used two criteria to assess precision and interpretability. Their
method determined both the structure and membership functions on
the basis of fuzzy rules. Using a multi-objective genetic algorithm [66]
proposed a fuzzy mining approach to find fuzzy rules. They used three
criteria as the goals of multi-objective optimization methods, namely,
confidence, comprehensibility, and interestingness. [67] proposed a
multi-objective-based approach using genetic algorithm for mining
fuzzy association rules. In their approach, minimum support and
minimum confidence parameters were determined automatically.
Also, the fitness function specified the position of chromosomes and
did not affect the genetic operator. Therefore, their method converged
with the value of any fitness function.

To derive fuzzy web browsing patterns or association rules, many
mining approaches have been reported. In [43] a fuzzy mining
approach proposed to obtain sequential web patterns from the log
records. In their algorithm, the importance of each web page was
considered as a fuzzy variable and the importance of each web page
transformed into fuzzy values. Using object-oriented concepts and
fuzzy sets [29] proposed a web mining approach. In their method, each
web page and the visited that web page were represented as a class
and instance of that class, respectively. In their method, in the first
step, for each web page association rules were determined and in the
second step the relationships among all instances were determined.
[27] proposed a GA-based approach to mine temporal association
rules in web datasets. They showed that converting the data set to a
graph extracted more reliable rules.

[68]-[69] introduced a generalized fuzzy web mining algorithm
for extracting interesting association rules. Their approach used a
fixed number of membership functions to convert quantitative web
data to fuzzy values. [28] employed fuzzy concepts and proposed an
algorithm to extract fuzzy rules from web usage data. In their method,
the time duration of each web page visited by users were considered
as a linguistic variable. [69] used a CALA algorithm and developed
an algorithm to identify optimal membership functions which used
in trust and distrust fuzzy recommender systems. Their method, only
adjusted the center parameter of membership functions.

III. PRELIMINARIES

This section describes the concepts associated with fuzzy
association rules and CALA.

A. Fuzzy Association Rule

A fuzzy association rule is described as follows: Let I:{i1 R T im}
represent a set of items, and let T={t, ,t,, .., t } represent a set of
transactions, and each transaction contains items from a set of items L.
Thus, each transaction ti includes a subset of the items in I where
TC 1. An association rule is represented as x =y, where xCy, yC1
and xNy =@, x and y are a set of items known as itemsets. Intuitively,
the x -y rule means that transactions that contain x tend to contain
y. For example, in market basket analysis, the association rule
{bread, milk} — {butter} tells those customers have purchased bread
and milk and are then likely to purchase butter. The goal association
rule mining is to obtain rules in the transaction data set such that the
support and confidence of each rule are greater than or equal to the
minimum support and minimum confidence. The support value for
the rule x —y is described as follows:

_ lxuyl
IT|

Support(x - y) ()

The confidence value for the rule x -y is described as follows:

. _ |xuyl
Confidence(x - y) = o @)
The fuzzy support value for region R, is described as follows:
Fuzzy Su ort(R- ) = Z?Lf’(;')
y rp k) T 7] (3)
where R represents the fuzzy region for the k-th membership

function of an item I, f,(f() demonstrates the fuzzy membership function
value of region R, in the i-th transaction.

B. Continuous Action-Set Learning-Automata (CALA)

LA is a mathematical tool for solving optimization problems. Each
automaton selects an action from its set of actions and applies it
to the environment. Then, LA uses the response received from the
environment and decides whether the selected action is rewarded or
penalized [38],[70]. LA has been used in many fields such as computer
networks [71], image processing [42], speech analysis [72], signal
processing [73], and clustering [74]. The interaction between the LA
and the environment is shown in Fig. 1.

aft) ’

}‘7

Random Environment

4{ Learning Automaton }W

Fig. 1. The interaction between the LA and the environment.

The environment is determined by a triple <a, B, ¢>, where
a={a,a, .. a} shows the input action-set, B ={B,p,, .., B} denotes
the environment’s response, and c={c,c,..,c} shows the penalty
probabilities.

CALA [36] is an optimization tool which is used to minimize a
multivariate function. To minimize the multivariate function f: R - R,
a team with m LA is required. Each LA LA,(1<i<m) in this team
at instant n uses two internal parameters, mean u'(n) and variance
o'(n). Each LA chooses an action ai(n) € N(i'(n), @[8'(n)]) where oi(n)
is a normal distribution with the mean pi(n) and standard deviation
o'(n). Using the generated actions and the mean value of each LA, two
inputs a(n) = (a*(n), a*(n), .., a™(n) ER™) and p(n) = (u*(n), p*(n),
-, "(n) ER™) for computing noisy functions B (n) and B (n) are
described as B (n)=f(a(n)) and B (n)=f(u(n)). Then, each LA
updates pi(n) and o'(n) according (4) to (8), respectively. By repeating
the learning process, each leaning automaton finds its optimal action
and the final value for B.(n) is considered as the minimum value of
function f or cost function [36]. The CALA algorithm is represented in
Algorithm 1, where C> 0 shows the penalty parameter; and 0 <A< 1
shows the learning parameter and § € R represents the lower bound

for the variance parameter.
P+ 1) = p'(n) - AF@pm) , o), a®),f(n) , Bu(n) (4)

o'+ 1) = (), o) ,am), (), f,(m) + C[8, = o'W (5)

F (1), 0 ), @), o), 5, ()) = (2 (20 s )

Blo(n)] o[aim] (6)

F (w0, a0, al), B (0) = () (et - 11
5 for 8<§

@[6]:{81 o sa5, For 6.5, € R ©
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The pseudo-code of the CALA algorithm is shown below.

Algorithm 1: CALA
Input: m // m is the number of learning automata in CALA.
Output: minimum valueof f // fi R™ — R is cost function.
// Initialize
1 Initialize the value of C,Aand o, /* C is a penalizing constant,
Ais a learning rate and CTL is a lower bound. */

2ne0 // nis time step.

3 foreach LA} 1<i<m do
4 Initialize the mean and variance of the Gaussian distribution
as pi(n) and o'(n)
5 end foreach
6 repeat
7 foreach LA'1<i<m do
8 Choose an action a'(n) € R using Gaussian distribution
N(ui(n), @[o'(n)]). /*ui(n) € R is mean and B[o'(n)] € R
is the standard deviation.
9 end foreach
// using the generating actions build a(n)
10 a'(n) = (a'(n), a*(n), .., a"(n)) € R"
// using the the mean value of each LA build u(n)
11 u(n) = (W), 12(n), . w(0)) € R
// compute two noisy functions f (n) and [&(n)
12 B (n) —flan)
13 B(m « fun)
// update parameters of each LA
14 foreach LAY 1<i<m do
15 update p'(n) and o'(n) according to Egs. (4) to (8).
16 end foreach
// increase time step.
17 nen+l

18 until for all LA, p'(n) does not change noticeably and o'(n)
converges to 0, ;
19 minimum value of f < B (n)

IV. THE ProroSED CALA-AFTM ALGORITHM

In this section, the cost function and the problem formulation of the
proposed algorithm (CALA-AFTM) are defined.

A. Cost Function

To assess the quality of trapezoidal membership functions (TMFs),
we modified the cost function proposed in [7] as follows:

Cost function = !

Objective function (9)
. . . t(R
Objective function = M
Suitablity (10)

where fuzzy support(R) shows the large 1-itemset R in L,. Moreover,
L, shows the large 1-itemset. The fuzzy support(R) is computed
according to (3). The suitability parameter is defined as [7]:

Suitability = Overlap factor + Covrage factor

(11)

The overlap factor for two regions R, and R, (i <j) is defined as the
region covered by two regions R, and R to the minimum of (wr,,-c)
and (cwl, ). The coverage factor is defined as [7]:

max (I;
Coverage factor = —maxdy)
range(Ry,Ry,...Rm)

(12)

range(R, R,, .., R ) denotes the length of the horizontal axis, max
(Ii) represents the maximum quantity of item I, and m represents the
number of membership functions of item I. We changed the overlap
factor shown in [7] to TMFs as follows:

Overlap(R; ,Rj)

min (Wris—ci),(cj—wlj1))

1)-1)

Let MF, (1 <i<m) denotes fuzzy regions, where MF,={R,, .., R}.
Each R, shows a trapezoidal membership function. Each R is defined
as (Wlm l.z' cr,, Wr, )» Where wl is the left spread, cl, is the left
center, cr,, is the rrght center, and wr,, represents the rrght spread of
the fuzzy regron R. ¢, shows the mrddle center and described in (14).
In Fig. 2 the TMFs parameters are shown. An Example: Suppose that
membership functions for item I, are presented in Fig. 3.

Overlap_ factor = ¥, j(max ( (13)

_ cliztcriz
L= (14)
RV
1
1 | )
| | |
| | |
| | |
| | |
| | |
| | |
| | |
I I I -
0 wl, cl, c, cr, wr,, "
Left spread Right spread
Fig. 2. Parameters of trapezoidal membership functions.
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Fig. 3. Membership functions for item L.

In Fig. 3, item Ii has three membership functions: R, , R, and R,. It
can be observed from Fig. 3 that the overlap (R, R,) = 12, the overlap
(R,, R,) =16, the overlap (R,R,) = 0.

the minimum spread (R, R,)=min ((16-0), (20-4))=16, the
minimum spread (R,, R,)=min ((38-20), (55-22))=18, and the
minimum spread (R,, R,) = min ((16-0), (55-22)) = 16. So, the overlap
factor of item I is computed as follows: overlap factor = (max( 1)
l]+max(ﬁ,l) 1+ max(E,l) 1) =0+0+0=0. In this example, the range
(R, R, R)) = 55. Assume that the maximum number of items I, in
a transaction is 55, max (1) = 55; tgrsen, the coverage factor of item
lis computed as: coverage factor = ;- = 1. Therefore, the suitability
value for the item I is determined as follows: suitability =0 +1 = 1.
Suppose that the number of transactions in the data set is six, and item
Ij exists in five transaction data set with quantity 5, 12, 24, 30, and 46.
Consequently, the fuzzy support (R, R, R,) is computed as follows:

Fuzzy Support (a;) == >< (1+E +O+0+0) =0.39
Fuzzy Support (a;) —é (m+%+1+%+0) =0.42
Fuzzy Support (a3) —éx (0+0+%+Z§%+1) =0.24

By considering the value 0.31 for the minimum support, the large
1-itemsets is specified as L, = {a, a,}. So, the cost function computed

as ——= 5
0.39+0.42 123

B. Appropriate Trapezoidal Membership Functions
Each trapezoidal membership function must have two conditions,
which are shown in (15) and (16), respectively.

iz S Clipgp S Cliggz S S gy < Mgz < iy

(15)

wliy Sclij, Scrjz Swryy (16)
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TABLE I. THE NUMBER OF SUITABLE MEMBERSHIP FUNCTIONS FOR THE THREE TRAPEZOIDAL MEMBERSHIP FUNCTIONS

Vi = (CRy3, WLy, WRyy, Cly g, CRp 3, Wl 1, WRz 4, CL3 3)

Vi3 = (WL ,CR13,WR1y4,CLly 2 ,CR23,WLg 1 WRy 4, CL33)

V; = (CRy3 WLy WRyq CLyp CRp3 WL3 g CL3z WRp4)

Vig = (WL, CRy3,WRy4 ,Cly2 ,CR23,WL31,CL3 3 ,\WR24)

V3 = (CRy3, WLy 1,WRy 4, CLp2, WL3 1, CRp3, WR1 4, CL33)

Vis = (WL ,CRy;3, WRy4,Cly2, WL3 1 CRp3 WRy 4, CL33)

Vg = (CRy3,WLy1 ,WRyy ,Clp2 WLz 1,CRp 3, CL3 3, WRp4) Vig = (WL ,CR1;3, WRy4 ,Cly2 ,WL31,CRy3,CL3 3 ,WR24)
Vs = (CRy3, WLy1,WRy4, WL31 ,CLy 2, CRy 3, WR 4 ,CL33) Vi7 = WLy, CRy;3, WRy 4 ,WL3 1, CLy, CRy 3, WRy 4, CL33)
Vg = (CRy3 WLy,1, WR14 WLz 1, CLy 2 ,CRy 3, Clz3, WR24) Vig = (WLg1, CRy 3, WRy 4, WLgy, Cly g, CRy 3, CLl3 3, WR3 4)
V; = (CRy3, WLy, Clyz ,WRy4, CRy3,WLg 1 ,WRp 4, CL33) Vig = (WLp, CRy3,Clys, WRy4, CRy 3 WL WRy 4, Clg3)
Vg = (CRy3, WLy, Clyz ,WRy4, CRy 3, WL3 1, Clz3, WR24) Va0 = (WLg1,CRy 3, Clys, WRy g, CRp 3, WLy 1, CL3 3, WR34)
Vg = (CRy3, WLy1,Clgz, WRy4,WLg 1 ,CRy3,WRy 4, CL33) Va1 = (WLg1, CRy3,Clys ,WRy 4, Why g CRy3,WRp 4, Clg3)

Vio = (CRy3, WLy, Clyp ,\WRy4 ,WL3 1 ,CRy3, Clg 3, WR;4)

Vaz = (WLp1 ,CRy3, Clys, WRy4, WLz, CRy3,Clg 3, WRy4)

Vi1 = (CRy3, WLy ,Clys ,CRy3 ,WRy 4 ,WL3 1, WRy 4, CLg 3)

Vo3 = (WLp1 ,CRy3, Clys ,CRy3 ,WRy 4, WLy 1 ,WRp 4, CLg3)

Viz = (CRy3 ,WLy1,Clyy ,CRy3 WRy4, WL, Clg 3, WRy4)

Va4 = (WLy1 ,CRy3,Clys ,CRy3 ,WRy4,WLg 1, CLlg 3, WRy4)

The first condition maintains the order of the trapezoidal centers,
and the second condition preserves the trapezoidal shape. Fig. 4a and
Fig. 4b shows two examples of unsuitable membership functions.

A

v

v

(b)
Fig. 4. Two sets of unsuitable membership functions.
By considering (15) and (16) the search space is greatly reduced.

Additionally, (17) and (18) satisfy the complete coverage, and (19)
satisfies the appropriate overlap.

Wl Swliy S cwry_qy (17)
Wlip11 S Whiy S Wiy, (18)
Wlia S wlipy (19)

To reduce the domain of the search space and eliminate improper
membership functions a new approach was proposed. The proposed
approach is depicted below: Each R,(1<i<m) is illustrated by
quadruple (wlm, cli‘Z, cr,, Wr, - Let P= {crl,a, le}l, WE ) Wlu' WI
cli,2 STy WL,y ey wl Cr, .y wlm‘l, wr clm}z} be the set of all

TMFs parameters.

i3

cl

m-1,1" ~'m-1,2" m-1,4

Various permutations can be considered from this set. However,
many of these permutations will be invalid because they do not
maintain the trapezoidal shape. For each R, any non-duplicate
Cartesian product is determined as a suitable membership function
which is shown in (20).

{Wri-1,4 ,C11,2} X {Wri-1,4 rCll,z.Cl’I,3,W1i+1,1}X{Wri-1,4 rCll,z.Cr1,3,WIi+1,1}X

{Cri,3 rW]i+1,1} (20)

By considering the Cartesian product R, XR, X ...XR_and removing
non-repetitive sequences, the final suitable trapezoidal membership
functions are determined. For example, for three TMFs, we have
12! =479, 001,600 sequences. While the proposed method produces
only 24 membership functions (L, = {v,,v,, .., v,,}) as valid membership
functions. Where each v, shows the points of trapezoidal membership
functions. In Table I all 24 valid membership functions are shown.

C. Representation of the Learning Automata

In Fig. 5, the representation of learning automata for the team of
CALA is given. Let k__ be the maximum number of fuzzy regions
which is determined by the user. To build a team of CALA, we require
k_ :(:X x k__ number of LA. The first k LA is used to specify
the active TMFs. These LA are labeled as LA!, LA? ..., LA The
actions generated by each LA of LA, (1<i<k_ ) are considered as
ai(n) e N (p'(n), @[8'(n)]), where oi(n) is a normal distribution with
mean pi(n) and standard deviation @[&(n)]. Let MF,(1<i<k_ )
consist of i fuzzy regions (i linguistic terms), where MF,={R,, ...,R}.
Each MF, includes i fuzzy regions, and each fuzzy region in TMFs is
determined by four parameters. Consequently, to represent each MF,
i x4 learning automata are required. Each fuzzy region R, (1<j<i) of
MF, is equipped with four LA which are labeled as LA/, (1<i<k
1<j<iand ke {wl,cl,cr,wr}). The corresponding actions for LA LA}
are shown by aij(n) € N[uL’j(n), cpi;i(n)].

D. Defining the Action-Set and Generating Actions

In the proposed method, to increase the speed of convergence
using the maximum value of the dataset, all values are normalized
between 0 and 1. The action-set of LA, (1<i<k_ ), is considered as
a o(n) EN(0,1). For each automaton LAilf the action-set is defined as
a(n)€N[0,1]. Thus, to generate the actions at instant n, all LA of
CALA, namely LA' and LAY choose an action ai(n) €N[0,1] and
aE(n)EN[O,l], respectively. The actions generated at instant n are
denoted by (21). Also, using the generated o'(n) and the mean value of
each LA, p(n) is determined as (22).
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B,(m)
v

'

v

'

'

v

v

v
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Fig. 6. An example of finding noisy function values in the proposed algorithm.
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E. Modification of the Generating Actions

After generating the actions, if the value of all action a'(n) and ai('i(n)
chosen by each automaton is less than 0 or greater than 1, reinitialize it
with a value between 0 and 1. Also, if the values of all chosen actions
of oi(n) are less than 0.5, we randomly choose an action a'(n) and
reinitialize it with a value between 0.5 and 1.

F. Finding the Active TMFs

Using the generated actions for the first kmax automaton, the
active TMFs at instant n are determined. If i is the number of actions
with values greater than 0.5, then the membership functions MFi and
the corresponding actions, Oli,",ll , 01211 Lol o, a0,
activated.

1)

ij
Qe y Oy are

G. Evaluation of the Noisy Functions

After computing a(n) and p(n), the next step is to evaluate
the values of the noisy function to find the values of B (n) and
B,(m). CALA at instant n needs to compute two functions, namely,
B, () =f(a(n)) and B (n) =f(u(n)). To compute the value of B (n),
perform the following steps:

1. Find the active TMFs (see Section F).

2. For active TMFs such as MF, the corresponding actions,

U U PR Woooij i i . )
oy o, okt bl o), o), o, o) are assigned in a vector, and

their value is sorted in the ascending order.

)
wl 2 Pl 2 a cl”

Using the appropriate list for each MF, and considering the sorted
actions, TMFs for each element of valid membership functions are
constructed.

For each constructed trapezoidal membership function, the value
of B, (n) is determined using the cost function.

For active membership functions such as MFi, the minimum value
of B (n) from among all appropriate membership functions is
considered as the best solution at instant n.

B,(n) is calculated similarly to 8 (n), with the difference that p(n)
is used here.

H. Updating the Parameters of Each Learning Automaton

After determining the value of 8 (n) and B,(n), each LA of CALA
updates its parameters, such as mean p(n) and variance o(n). The
updating rule for the LA of CALA is as follows: Each LA}, (1, <,i, < k )
updates the p(n) and o(n). In this case, if p'(n) less than 0 or greater
than 1, then, then its value is reinitialized with 0 and 1, respectively.
In addition, each automaton of LAY updates its internal permeates of
w(n) and o(n) using (4) and (5). In this case, the reinitialization of
is not performed.

Fig. 6 shows an example of computing B (n) and B (n). Assume
that, at instant n, the action values for the two vectors a(n) and p(n)
are generated according to (4) and (5) which is a normal distribution
with the mean value of 0 and standard deviation of 1. In this example,
k__ is set at 3, so the team of CALA uses 27 learning automata.

According to the number of actions for threshold values > 0.5, it is

clear that MF2 can be active. According to the action values generated
for MF2, we sort their values and then the TMFs are constructed for
each vector by considering the appropriate membership functions
that are specified by the four vectors vito v4. Subsequently, the value
of each vector is evaluated using the cost function. In this example,
B.(n),, is used to represent the j-th appropriate membership function
for MF,. By considering the minimum value obtained among four
membership functions, the value 0.62 will be selected as B (n). The
procedure of computing B (n) is similar to B (n), except that vector
B,(n) is used instead of B _(n). In this case, the value of 0.51 computed
for B,(m).Itis noteworthy that the value of B.(m) will be utilized as the
reinforcement signal.

I Pseudo-Code for the CALA-AFTM

In Algorithm 2, the pseudo-code of CALA-AFTM algorithm
is presented. The CALA-AFTM algorithm uses four functions, as
presented in Algorithms 3 to 6.

Algorithm 2: CALA-AFTM
Input: K //K _ is the maximum number of fuzzy regions.
Output: Number and positions of optimized trapezoidal
membership functions.
// Save appropriate membership functions.
1 for i<1toK do
2 L,=ValidMernbershipFunctios(i)
3 end for
// Build CALA and initialize parameters.
4 Build a tcam of CALA with the sizc of K+ > ;(:";““ (ixK_ )LA
5 For each LA of CALA, initialize the parameters of C, g, A, o, and .
6 n « 0, ActiveMF « 0, TempAction[]
7 repeat
// steps for computing ﬁa(n)
// Generate actions of a(n).

8  AllLA of CALA, namely LA'and LAY, (1<i<K ,1<j<iand
k € {w, ¢, c,w}) choose an action a/(n) € N(0, 1) and
a,’(n) € N(0, 1) respectively.
// Check all selected actions are in the ranga of [0,1]

9  Modify Actions()

// Count number of active membership functions.

10 ActiveMF « FindActiveMF()

// Copy all associated actions of ActiveMF.

11 TempAction «<— Copy all actions of MF, . .

12 TempAction «— Sort(TempAction)

13 Call modifyActions(MF, . . .)

/* assume, each item of any L; correspond with one
appropriate membership function. */

14 forie1tol, . .Sizedo

15 v, « item(i)

16 Assign each value of TempAction to each element of v,

respectively.

17 TMF « Build trapezoidal membership function using v..

18 Bo(N) scsiversri < @PPLy objective function to the TMF.

19 end for

20 B (n)=min (B (M), omzr 1 S TS Ly -Siz€)

// steps for computing ﬁu(n)

21 The steps for computing f, (n) is similar to 8 (n) with
difference that the steps (10) and (11) are eliminated and in
step (13) instead of a(n) the p(n) is used.

// Update parameters of LA

22 Update()

23 nen+l

24 until for each LA of CALA, the u value docs not change noticeably
and the value o converge to o,;
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Algorithm 3: ValidMembershipFunctions

Input: m // m is the number of fuzzy regions.
Output: L  // L is the 1list of valid membership functions.
1L=[]
2 R ={cr,wr} // R, is first fuzzy region.
3R =Wl } // R, is last fuzzy region.
4 if m=1then
5 LeR
6 else if m=2 then
7 L<R XR, // The product Cartesian of R, X R, is assigned
in L.
8 else
9 forL<2tom—1do
10 R —{wr_ ,cl}yx{wr_ ,cl,cr wl_ }x
{wr_,, CI,z' cr,wh, 3 x{er,wl, 3
11 end for

12 // The product Cartesian of R X R
13 L<R XR,X..XR
m
14 end if
15 return L

. ...,Rm is assigned in L.

Algorithm 4: FindActiveMF

Output: ActiveMF
// Count number of active membership functions.
ActiveMF « 0
for i< 1to K do

if a(n) = 0.5 then

ActiveMF « ActiveMF + 1

end if
end for
return ActiveMF

N UL RN =

Algorithm 5: ModifyActions

// Check all selected actions are in the range of [0,1]
1 foreach chosen action a'(n) and ak] (n) do

2 if its value is Icss than 0 ar greater the 1 then
3 reinitialize it with the value between [0,1].
4 endif

5 end foreach

// at least one action greater than 0.5 is exist.
6 if value of all chosen actions of a'(n),(1< i< K ) is less than 0.5
then

7 randomly chose an action a/(n) and reinitialize it with a value
between [0.5,1].
8 end if

V. EXPERIMENTS AND ANALYSIS OF RESULTS

A. Experimental Setting

We conducted several experiments to show the effectiveness of
the proposed approach. All algorithms implemented in Java on a 1.80
GHz Intel Core i7 processor with Windows 10 and 16 GB RAM. Two
real data sets were used to assess the proposed CALA-AFTM, namely
the DePaul CTI dataset [75] and NASA dataset [76]. These datasets
were selected because the time parameter can be represented as TMFs
[29],[44]. All HTTP requests in the NASA dataset from 23:59:59 PM
on August 3, 1995 to 23:59:59 PM on August 31, 1995 were collected by
NASA Kennedy Space Center in Florida. This dataset includes 45464
user sessions and 863 page views. The CTI data set was collected by
the users who visited the website during two weeks in April 2002.

The CTI dataset after cleaning data contained 13745 sessions and 683
pages. Part of CTI dataset is depicted in Table II. In Table II, the page
view and the related page are shown. In Table III, for each user the
browsing sequences are represented.

TABLE II. PAGE VIEW AND CORRESPONDING PAGEVIEW IDs oN THE CTI DATASET

Page .
view Id Page view
0 /admissions/
1 /admissions/career.asp
2 /admissions/checklist.asp
3 /admissions/costs.asp
681 /shared/404.asp?404; http://www.cs.depaul.edu/msoffice/
cltreq.asp
/shared/404.asp?404; http://www.cs.depaul.edu/resources/
682 .
grad_scholarships.asp

TABLE III. THE BROWSING SEQUENCES ON THE CTI DATASET

Client ID Browsing sequence
1 (679, 2) (574, 7) (585, 5) (604, 4)
2 (387, 37) (558, 20)
3 (387, 24) (400, 125) (71, 26) (228, 34)
13563 (54, 11) (358, 55)

To improve the convergence speed and generate actions between
0 and 1, we used the maximum value of time duration stored in
two datasets and normalized these datasets values. In the proposed
algorithm, for CTI and NASA datasets, web page number 387 (/news/
default.asp) and web page number 588 (/shuttle/resources/orbiters/
challenger) are considered for finding their appropriate membership
functions, respectively.

The proposed CALA-AFTM algorithm compared with fuzzy web
mining algorithm (FWMA) [31] and VSLA-AFTM algorithm. FWMA
is used for fuzzy web mining applications and uses a predefined
TMFs. Additionally, we developed another algorithm called VSLA-
AFTM which uses VSLA to evaluate the results. The details of the
implementation of VSLA-AFTM and CALA-AFTM are similar, and
their differences are described below.

All learning automaton of CALA-AFTM used the continuous
action-set, whereas the learning automaton of VSLA-AFTM except for
the learning automata used in the threshold section used the discrete
action-set. Therefore, finding the active membership functions in both
algorithms is similar. VSLA-AFTM randomly selects an action.

Let r shows the number of actlons then the chosen action
(1 <i<r) corresponding to the value of  CALA-AFTM algorithm
needs to compute B (n) and B (n), while the VSLA-AFTM algorithm
only requires to compute Ba(n) The final value for B (n) in CALA-
AFTM is regarded as the best value for the cost function, while in
VSLA-AFTM, the final value for B (n) is taken as the best value for
the cost function. In VSLA-AFTM, if the value of § (n) is smaller than
the previous step, all chosen actions are rewarded; otherwise, they are
penalized according to (4) and (5), respectively.

Fig. 7 shows the predefined membership functions used in the
experiments. To assess the results, parameters such as overlap,
suitability, fuzzy support, coverage, the average value of cost function
(AVCF), number of large 1-sequences (L,), and execution time were
considered. Each algorithm was run independently 30 times, and the
mean and standard deviation of these 30 runs were considered. Table
IV represents the parameter settings used in these algorithms.
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Fig. 7. The fixed trapezoidal membership functions used in experiments.
TABLE IV. PARAMETER SETTINGS
Parameter Name Description CALA-AFTM VSLA-AFTM FWMA
c Penalty Constant 5
0, Lower bound for the variance 0.01
A Step size for learning 0.02
a Minimum support [0.002 — 0.01] [0.002 — 0.01] [0.002 — 0.01]
a Reward 0.1
b Penalty 0.01
r Number of actions [10, 20, 30, 40]
k. Maximum number of MFs 6 6 6

TABLE V. APPROPRIATE NUMBER OF TMFs, COVERAGE, Fuzzy SUPPORT, SUITABILITY, OVERLAP, AND AVERAGE VALUE OF COST FUNCTION ACQUIRED FROM
CALA-AFTM, VSLA-AFTM, aND FWMA oN THE CTI DATASET

Algorithm Optimal number of TMFs Overlap Coverage Suitability Fuzzy support AVCF
CALA-AFTM 3.01£0.0100 0.0050+0.0023 | 1.0000+0.0000 | 1.0050+0.0023 1.4761+0.0864 0.6763+0.0389
VSLA-AFTM 4.13+0.3000 0.0674+0.0045 | 1.0000+0.0000 | 1.0674+0.0045 0.8667+0.0289 1.2321+0.0873

FWMA 3+0.0000 0.0000+0.0000 | 1.0000+0.0000 | 1.0000+0.0000 0.6524+0.0145 1.5328+0.0000

TABLE VI. ApPROPRIATE NUMBER OF TMFs, COVERAGE, FUzzY SUPPORT, SUITABILITY, OVERLAP AND AVERAGE VALUE OF COST FUNCTION ACQUIRED FrROM
CALA-AFTM, VSLA-AFTM, aAND FWMA oN THE NASA DATASET

Algorithm Optimal number of TMFs Overlap Coverage Suitability Fuzzy support AVCF
CALA-AFTM 4.15+0.2101 0.0452+0.0053 | 1.0000+0.0000 | 1.0452+0.0053 0.8742+0.0367 1.1923+0.1132
VSLA-AFTM 2.20+0.3420 0.1476+0.0075 | 1.0000+0.0000 | 1.1476+0.0075 0.7566+0.0158 1.5652+0.1745

FWMA 3+0.0000 0.0000+0.0000 | 1.0000+0.0000 | 1.0000+0.0000 0.5416+0.0236 1.8463+0.0000

B. Experimental Evaluations

In this experiment, we evaluated the results obtained using the
CALA-AFTM, VSLA-AFTM, and FWMA algorithms on the CTI and
NASA datasets. Parameters such as the optimal number of TMFs,
fuzzy support, overlap, coverage, suitability, and AVCF were used to
evaluate the results. The results of Tables V and VI shows that the
proposed CALA-AFTM for NASA and CTI datasets produced three
and four TMFs, respectively. VSLA-AFTM for CTI and NASA datasets
produced four and two TMFs, respectively. FWMA algorithm used a
fixed number of TMFs. So, by checking each k__€[2,6], it is found
that the optimal number of TMFs is three.

By comparing the results, it can be seen that CALA-AFTM algorithm
for the parameters AVCF, fuzzy support, and overlap has produced

better results. CALA-AFTM in the CTI datasets improved the value of
AVCF and fuzzy support by 51% and 49%, respectively. Additionally,
in the NASA dataset, CALA-AFTM improved the value of AVCF and
fuzzy support by 30% and 26% respectively. The AVCF for both CTI
and NASA datasets is depicted in Fig. 8a, b. Additionally, the results
show that CALA-AFTM generated the minimum value of AVCF in
the two datasets. Additionally, since the VSLA-AFTM algorithm uses
a small number of actions, the convergence speed of VSLA-AFTM is
faster than CALA-AFTM.

The suitability value for both CTI and NASA datasets is given in
Fig. 9a, b. In the CTI dataset, the suitability value for FWMA and
CALA-AFTM was almost the same. However, in the NASA dataset,
FWMA produced better results.
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Fig. 10. The fuzzy support value with different numbers of iterations on CTI (a) and NASA (b) datasets.

The fuzzy support value for both CTI and NASA datasets is
shown in Fig. 10a, b. The proposed CALA-AFTM produced a high
fuzzy support. Therefore, the proposed cost function had a good
performance. Figures 11 and 12 show the membership functions of the
CTI and NASA datasets before and after 12,000 iterations of CALA-
AFTM and VSLA-AFTM. Based on Figs. 11 and 12, the initial shape
of membership functions are not appropriate. After optimization,
the proper TMFs are produced. To assess the effect of dataset sizes
on the efficiency of CALA-AFTM algorithm, another experiment
was performed. The results of this experiment are shown in Tables
VII and VIII. Tables VII and VIII compare the results for the overlap,
coverage, fuzzy support, suitability, and the AVCF obtained from
three test algorithms. By comparing the results between CALA-
AFTM and VSLA-AFTM, we found that CALA-AFTM in the CTI and
NASA datasets produces better results for AVCF, fuzzy support, and
suitability parameters. VSLA-AFTM has a limited number of actions,
so it cannot find the accurate value for the optimal parameters.

Additionally, the statistical significance of the AVCF was analyzed
using unpaired t-test. The unpaired t-test results between CALA-
AFTM and the other two algorithms for CTI and NASA datasets are

given in Tables VII and VIII, respectively. In this experiment, datasets
of different sizes were tested. Tables VII and VIII show the values
obtained for AVCF. Also, by considering the value of 0.95 for the
confidence level, the p-value and t-value are specified. Let X and Y
represent two algorithms respectively. In this case, X is statistically
better than Y if the t-test (X, Y) is less than zero and the positive
p-value is less than 0.05. The results in Tables IX and X show that
CALA-AFTM is statistically significant than other algorithms. To
assess the effect of number of extracted large 1-sequences and rules,
another experiment was performed. In this experiment, the minimum
confidence value was assumed to be 0.1 and the results were tested
with different minimum support values. The results in Figs. 13 and
14 show that the CALA-AFTM algorithm produces a large number of
1-sequences and more rules than other algorithms. To assess the effect
of association rules, another experiment was performed with different
values for the minimum support and minimum confidence. The results
are shown in Fig. 15a, b respectively. The result in Fig. 15a show that
when the minimum support value is greater than 0.002, the number
of extracted rules decreases significantly. Also, these result show
that when the minimum support is greater than 0.004, the number of
extracted rules will be less than 500 rules. Additionally, the result in
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TABLE VII. COMPARISON OF THE RESULTS OF DIFFERENT S1ZES OF DATA ON THE CTI DATASET

Data Algorithm Overlap Coverage Suitability | Fuzzy support AVCF
CALA-AFTM 0.0018 1.0000 1.0018 1.4918 0.6715+0.0232
50K VSLA-AFTM 0.0245 1.0000 1.0245 0.8365 1.2246%0.0652
FWMA 0.0000 1.0000 1.0000 0.6509 1.5362+0.0000
CALA-AFTM 0.0025 1.0000 1.0025 1.5075 0.6650+0.0161
100K VSLA-AFTM 0.04121 1.0000 1.04121 0.8547 1.2182+0.0580
FWMA 0.0000 1.0000 1.0000 0.6594 1.5164£0.0000
CALA-AFTM 0.0043 1.0000 1.0043 1.6156 0.6216+0.0672
150K VSLA-AFTM 0.0386 1.0000 1.0386 0.8665 1.1986+0.1139
FWMA 0.0000 1.0000 1.0000 0.6656 1.5023£0.0000
CALA-AFTM 0.0039 1.0000 1.0039 1.5826 0.6343+0.0524
200K VSLA-AFTM 0.0583 1.0000 1.0583 0.8784 1.2048+0.0943
FWMA 0.0000 1.0000 1.0000 0.6632 1.5075+0.0000
CALA-AFTM 0.0050 1.0000+0.0000 1.0050 1.4860 0.6763+0.0389
250K VSLA-AFTM 0.0674 1.0000+0.0000 1.0674 0.8663 1.2321+0.0873
FWMA 0.0000 1.0000£0.0000 1.0000 0.6524 1.5328+0.0000

TABLE VIII. COMPARISON OF THE RESULTS OF DIFFERENT SIZES OF DATA ON THE NASA DATASET

Data | Algorithm | Overlap | Coverage | Suitability | Fuzzy support AVCF
CALA-AFTM 0.0165 1.0000 1.0165 0.8618 1.1794+0.0923
130K VSLA-AFTM 0.0724 1.0000 1.0724 0.6968 1.5388+0.1235
FWMA 0.0000 1.0000 1.0000 0.5514 1.8132+0.0000
CALA-AFTM 0.0268 1.0000 1.0268 0.8673 1.1838+0.0856
260K VSLA-AFTM 0.0952 1.0000 1.0952 0.7087 1.5452+0.1361
FWMA 0.0000 1.0000 1.0000 0.5478 1.8252+0.0000
CALA-AFTM 0.0325 1.0000 1.0325 0.8684 1.1889+0.1230
390K | VSLA-AFTM 0.0863 1.0000 1.0863 0.6974 1.5576+0.1971
FWMA 0.0000 1.0000 1.0000 0.5460 1.8312+0.0000
CALA-AFTM 0.0409 1.0000 1.0409 0.8813 1.1810+0.0762
520K | VSLA-AFTM 0.1153 1.0000 1. 1153 0.7236 1.5413+0.1426
FWMA 0.0000 1.0000 1.0000 0.5496 1.8193+0.0000
CALA-AFTM 0.0452 1.0000 1.0452 0.8766 1.1923+0.1132
650K | VSLA-AFTM 0.1476 1.0000 1.1476 0.7331 1.5652+0.1745
FWMA 0.0000 1.0000 1.0000 0.5416 1.8463+0.0000

Fig. 15b show that the extracted rules reach to zero, when the value
for the minimum support is greater than 0.05. The result in Fig. 16a, b
shows that by increasing the confidence value the number of extracted
rules decreases. Also, the results in Fig. 16b shows that when the value
of minimum support is greater than 0.6 the curve becomes smoother.
Additionally, when the value for the minimum confidence reaches to
0.9, the number of generated rules is zero. Another experiment was
performed to evaluate the execution time of the proposed CALA-
AFTM algorithm. In this experiment, different action sizes(r) with
the values of 10, 20, 30, and 40 were considered for VSLA-AFTM
algorithm. We also used values of 3 and 6 for maximum number of
TMFs to evaluate the results.

To specify the number of actions in VSLA-AFTM, we employed
the notation VSLA (r). The results of both CTI and NASA datasets
are shown in Fig 17a, b and Fig18a, b. Figs. 17a, b illustrates average
execution time increases when the maximum number of membership
functions (kmax) was set at 3 for CTI and NASA dataset, respectively.

The execution time in VSLA-AFTM is directly related to the number
of actions. VSLA-AFTM with the number of actions 10 and 20
converges faster and has a lower execution time than CALA-AFTM.
The execution time of CALA-AFTM is less than VSLA-AFTM with the
number of actions 30 and 40. Figs. 18a, b shows average execution
time increases when the maximum number of membership functions
(kmax) was set at 6 for CTI and NASA dataset, respectively. It can be
seen that by increasing kmax and the size of the datasets the average
execution time dramatically increases.

VI. CONCLUSIONS

In this paper a continuous action-set learning automata-based
approach named CALA-AFTM was proposed to automatically
determine both the optimal number and position of trapezoidal
membership functions in order to extract fuzzy association rules
from quantitative transactions. In this method, a new representation
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TABLE IX. THE REsuLTs OF T-VALUE AND P-vALUE WITH DIFFERENT DATASET S1zES ON CTI DATASET

AVCF t-value p-value
Size Significant
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 0.6715+0.0232 | CALA-AFTM, VSLA-AFTM | 43.7753 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
50k VSLA-AFTM | 1.2246+0.0652 CALA-AFTM, FWMA 204.1447 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.5362+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 0.6650+0.0161 | CALA-AFTM, VSLA-AFTM | 50.3380 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
100K VSLA-AFTM | 1.2182+0.0580 CALA-AFTM, FWMA 289.6466 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.5164+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 0.6216+0.0672 | CALA-AFTM, VSLA-AFTM | 23.8975 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
190K VSLA-AFTM 1.1986+0.1139 CALA-AFTM, FWMA 71.7826 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.5023+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 0.6343+0.0524 | CALA-AFTM, VSLA-AFTM | 28.9649 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
200K VSLA-AFTM | 1.2048+0.0943 CALA-AFTM, FWMA 91.2732 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.5075+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 0.6763%0.0389 | CALA-AFTM, VSLA-AFTM | 31.8520 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
250k VSLA-AFTM | 1.2321+0.0873 CALA-AFTM, FWMA 120.5975 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.5328+0.0000
TABLE X. THE RESULTS FOR THE P-VALUE AND T-VALUE PARAMETERS ON NASA DATASET
AVCF t-value p-value
Size significant
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 1.1794#0.0464 | CALA-AFTM, VSLA-AFTM | 19.0551 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
130k | VSLA-AFTM | 1.5388+0.0923 CALA-AFTM, FWMA 74.8161 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.8132+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 1.1838+0.0856 | CALA-AFTM, VSLA-AFTM | 12.9879 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
200K VSLA-AFTM | 1.5452%0.1261 CALA-AFTM, FWMA 41.0408 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.8252+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 1.1889+0.1230 | CALA-AFTM, VSLA-AFTM | 8.6922 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
390k VSLA-AFTM | 1.5576+0.1971 CALA-AFTM, FWMA 28.6018 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.8312+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 1.1810+0.0762 | CALA-AFTM, VSLA-AFTM | 12.2057 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
520K VSLA-AFTM | 1.5413+0.1426 CALA-AFTM, FWMA 45.8807 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.8193+0.0000
Algorithm value Pairwise algorithms value Pairwise algorithms value
CALA-AFTM | 1.1923+0.1132 | CALA-AFTM, VSLA-AFTM | 9.8195 | CALA-AFTM, VSLA-AFTM | <0.0001 | Extremely statistically significant
050K VSLA-AFTM | 1.5652+0.1745 CALA-AFTM, FWMA 31.6440 CALA-AFTM, FWMA <0.0001 | Extremely statistically significant
FWMA 1.8463+0.0000
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Fig. 18. The average execution time along with different dataset sizes with kmax=6 on CTI dataset (a), NASA dataset (b).

is introduced to construct a team of CALA for cooperating learning
automata. The learning automaton of this team of CALA is composed
of two parts. The learning automata of the first part try to determine
the proper number of membership functions, and the relative
learning automata in the second part optimize their positions. The
proposed algorithm has been tested on web usage data, to find
membership functions and significant rules. Therefore, the extracted
rules represent the browsing behavior of users and can be used to
give some proper suggestions to web-server administrators. In the
proposed CALA-AFTM, to reduce the domain of the search space
and remove unsuitable membership functions, two conditions were
applied and a novel algorithm was proposed. Also, to check the
effectiveness of the proposed CALA-AFTM, various experiments were
performed using two real data sets. We showed that with increasing
the different dataset sizes, compared with other algorithms, CALA-
AFTM provides better results in terms of fuzzy support, overlap,
number of large 1-sequences, coverage, number of rules, and cost
function. In future work, our goal will be to develop the proposed
method in topics such as multi-objective applications, fuzzy temporal
rule mining, fuzzy generalized association rule mining, and 2-tuple
fuzzy linguistic representation.
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