Prediction of Customer Behavior using
evolutionary Associative Clustering D v Renade

(With Special Reference to Mobile Phone Consumers with Location Reference)

Abstract

Spatial Association Rule Mining (SAR) is an interesting
area of the spatial data mining which involves several steps
and complexity. We have introduced a two step algorithm
in which the first step concentrates on the optimization of
SAR using the Hybrid evolutionary algorithm which uses
Genetic algorithm and Ant Colony Optimization (ACO).
Since Association rule with multiple objectives can be
considered as the NP hard problem we are using the Multi
objective genetic algorithm and the ACO. The results are
appreciable when compared to the existing ones.

In the second step we try to cluster the generated
association rules and that can be used for the target group
segmentation. We have studied the Customer behaviour of
the mobile phone industry based on their location.

Keywords : SAR, MOGA, ACO, Clustering, Segmentation.

1. Introduction

Market is characterized by being global; products are identical
and enormous supply. This leads to the customer centric market
rather than product centric market. Because of the size of the
customers mass marketing is expensive and the returns are not
assuring. It leads to the research on the targeted customers. The
customers to be targeted can be identified using the model for
predicting the customer behavior.

Customer profiling is describing customers by their attributes.
This can be used to prospect new customers or to drop out
existing bad customers [1]. Customer profiling forms a base for
the marketers to market with the existing loyal customers and
offer them better services and retain them. This can be achieved
by manipulating the collected information. Depending on the
need of the hour one has to decide which profile will be beneficial
at that time. We can use the specialized data mining technique
such Spatial data mining for achieving the customer behaviors
based on the spatial attributes.

Spatial Association Rule mining (SAR) is about generating
association rules about spatial data objects. Either the antecedent
or the consequent of the rule must contain some spatial
predicates (such as near) [2]. Spatial association rules are
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implications of one set of data by another such as the average
monthly family income in Madurai for families living near
Annanagar is Rs. 100, 000. Due to the relationships involved the
spatial components; one entity can affect the behavior of other
entity. Spatial data items are naturally linked to neighboring data
elements (e.g., contiguous geographic positions), these data
elements are not statistically independent. This makes the spatial
data mining different from the normal transactional data mining.

The various activities involved in the SAR is computing the
spatial relationships, generating the frequent sets and extracting
the association rules. In this paper we are concentrating on the
second and third step for the SAR. The existing approaches use
quantitative reasoning, which computes distance relationships
during the frequent set generation [3][4]. These approaches deal
only with points, consider only quantitative relationships and do
not consider non spatial attributes of geographic data, which
may be fundamental importance of knowledge discovery.
Qualitative spatial reasoning [5][6][7] considers distance and
topological relationships between a reference geographic object
type and a set of relevant feature types represented by any
geometric primitive (e.g. points, lines, and polygons). [8] uses
qualitative spatial reasoning approach with prior knowledge
and removes well known patterns completely by early pruning
the input space and the frequent item sets.

We present a novel two step refinement algorithm based on
hybrid evolutionary algorithm (HEA) which uses genetic
algorithm with ant colony optimization for generating the spatial
association rules and clustering the generated rules for the
required groups. In the first step HEA algorithm is used to
enhance the performance of Multi objective genetic algorithm
(MOGA) by incorporating local search with Ant colony
optimization (ACO), for Multi objective association rule mining.
In the proposed HEA algorithm, MOGA is conducted to provide
the diversity of associations thereafter; ant colony optimization
is performed to come out of local optima. From the experiment
results, it is shown that the proposed HEA algorithm has
superior performance when compared to other existing
algorithms. In the second step we group the rules generated for
finding the various target groups by clustering. Rules are
grouped based on consequent information of the rules generated
by Step 1. Groups of rules are in the form Xi > Y fori=1,2,...n.
That is, different rule antecedents Xi’s are collected into one
group for asame rule consequent Y.

The paper is organized as follows; Section 2 deals with the
concepts of SAR and their interesting measures, Section 3 deals
with MOGA and the ACO applied for the optimization of the
rule generation, method of clustering the rules is discussed in the
Section 4. Section 5 deals with approach followed in this paper.
Section 6 discusses the results obtained and the Section 7 gives
the conclusion of the paper.

2. Spatial Association Rule Mining

A spatial association rule is of the form X =Y , between two
disjoint item sets, where X is called antecedent and Y is the
consequent of the rule. The antecedent contains a set of
predicates from the exploring database, the consequent only
represents one predicate, which is not yet included in the
antecedent. The rule itself then reflects an existing relationship
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between predicates in antecedent and consequent. The
association rule generated is generally measured by the two
metrics called support and the confidence. Support is defined as
the ratio between number of transactions that contains both X
andY to the total number of transactions. Confidence is the ratio
of the number of transactions with all the items to the number of
transactions with just the “if” items. Another metric used is the
Lift (improvement) tells us how much better a rule is at
predicting the result than just assuming the result in the first
place. It is defined as the ratio of the records that support the
entire rule to the number that would be expected, assuming there
was no relationship between the items. Spatial association rules
represent object/predicate relationships containing spatial
predicates. For example, the following rules are spatial
association rules.

*  Nonspatial consequent with spatial antecedent(s)
is_a(x,house) / close_to(x,beach)l Is_expensive(x)

®  Spatail consequent with non-spatial /spatial antecedent(s).
is_a(x,gas_station)0 close_to(x,highway).

Various kinds of spatial predicates can be involved in spatial
associationrules[9].

3. Optimizing The Rule Generation using Evolutionary
Computation Techniques

Existing algorithms for the SAR try to measure the quality of
generated rule by considering only one evaluation criterion, but
because of the growing need of the knowledge from the spatial
data we can consider the problem as a Multi objective one rather
than the single objective. Multi-objective optimization deals with
solving optimization problems which involve multiple
objectives. Most real-world search and optimization problems
involve multiple objectives (such as minimizing fabrication cost
and maximize product reliability and others) and should be
ideally formulated and solved as a multi-objective optimization
problem.

Over the past decade, population-based evolutionary algorithms
(EAs) (genetic algorithms (GAs) and evolution strategies (ESs)
have been found to be quite useful in solving multi-objective
optimization problems, simply because of their ability to find
multiple optimal solutions in a single simulation run. In general
the main motivation for using Genetic Algorithms in the
discovery of highdevel prediction rules is that they perform a
global search and cope better with attribute interaction than the
greedy rule induction algorithms often used in data mining.[10].

Genetic algorithms for rule discovery can be divided into two
broad approaches, the Michigan approach and the Pittsburgh
approach [11]. The biggest distinguishing feature between the
twois that in the Michigan approach (also referred to as Learning
Classifier Systems) an individual is a single rule, whereas in the
Pittsburgh approach each individual represents an entire set of
rules [12]. In this paper we follow the fist approach ie the
Michigan approach for the SAR.

The MOGA is used to achieve the multi objective by with a Pareto
based multiple-objective genetic algorithm. The possible rules
are represented as chromosomes and a suitable
encoding/decoding scheme has been defined, it also provides



Prediction of Customer Behavior using evolutionary Associative Clustering 15

the diversity of associations among the rules generated by
elitism. To increase the efficiency of the MOGA we are using the
ACO, which limits the algorithm from falling to the local optimal
solution.

ACO is a paradigm for designing meta heuristic algorithms for
combinatorial optimization problems. The ACO algorithm was
first introduced by Colorni, Dorigo and Maniezzo [13] [14] and
the first Ant System (AS) was proposed by Dorigo in his Ph.D.
thesis [15]. The ACO is a meta-heuristic algorithm, which utilizes
the inspiration from real ant colonies behaviours to find a
shortest path from a food source to the nest without using visual
cues by exploiting pheromone information [16] [17] [18]. When
ant colonies are seeking for food, they leave a kind of chemical
compositions, which is called pheromone. The more ants walk
through the path, the more pheromone left on the ground. Then,
the next ant will choose one path with a probability proportional
to the amount of pheromone. Finally this positive feedback
process will construct a shortest path from their nest to the food
source.

The characteristic of ACO algorithms is their explicit use of
elements of previous solutions.

Edge Selection:
Anantwill move from node i tonodej with probability
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7i,jis theamount of pheromone on edgei,j

ais a parameter to control the influence of ti,j

ni,j is the desirability of edge i,j (a priori knowledge, typically 1 /
di,j)
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Pheromone Update
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where Lk is the cost of the kth ant's tour (typically length).

4. Clustering The Rules

Clustering association rules is one of the meaningful ways of
grouping association rules into different clusters. When the
Spatial Association rules are generated in order to identify the
group of targets we are using the clustering approach. In [19], the
authors selected highly ranked (based on confidence) association
rules one by one and formed cluster of objects covered by each
rule until all the objects in the database are covered. The authors
of [20] formed cluster of rules of the form Xi = Y, that is, rules
with different antecedent but with same consequent Y and they
extracted representative rules for each cluster as knowledge for

the cluster. In [21], the authors formed cluster of rules based on
structure distance of antecedent. The authors of [22] formed
hierarchical clustering of rules based on different distance
methods used for rules. In [23], the authors discussed different
ways of pruning redundant rules including rule cover method.
All Associative Classifier (AC) CBA, CMAR[24], RMR[25], and
MCAR[26] generate cluster of rules called class-association rule
(CAR) with class label as same consequent and they use database
(rule) cover to select potential rules to build (AC) classifier
model. In most of the ARM work, confidence measure is used to
rank association rules. Also, other measures such as chi-square,
laplace-accuracy is used to select highly ranked rules.

In this paper we are using the classifier model which uses the
consequent information for grouping. The clusters will be
formed who are having their consequent as similar pattern. We
have first grouped based on the attributes; it may be
homogeneous like urban core, suburbs, rural or Hierarchical
groups like Metropolitan area, major cities, and neighborhoods.
Then this is further grouped based on the purpose like
segmenting the population by consumer behavior. We have used
the algorithm proposed in [27].

The clustering algorithm groups of rules are in the form Xi > Y
fori=1,2,...n. Thatis, different rule antecedents Xi’s are collected
into one group for a same rule consequent Y. next step is to select
small set of representative rules from each group. Representative
rules are selected based on rule instance cover as follows.

LetRy={ Xi>Y | i=1,2,...,n} be a set of n rules for some item-set
Y and m(Xi Y) be rule cover, which is the set of tuples/records
covered by therule Xi =Y in the dataset D.

Let Cy be the cluster rule cover for a group or cluster of rules Ry.
ie.,

Cy=m(Ry)=Ui=12,...n m(XiY)

from cluster rule set Ry, find a small set of k rules ry called
representative rule set such that m(ry) is almost equal to m(Ry).
ie.,

m(ry)= m(Ry), or

Ui=1,2,..k m(XiY)= Ui=1,2,...n m(XiY),wherek<<n

To find representative rule set ry from Ry, we use the rule cover
algorithm proposed in [20].

5. Application of Hea for Spatial Association Rule
Mining

The procedures of HEA are as follows. First, MOGA searches the
solution space and generates association lists to provide the
initial population for ACO. Next, ACO is executed, when ACO
terminates, the crossover and mutation operations of MOGA
generate new population. ACO and GA search alternately and
cooperatively in the solution space. Then the rules are clustered
using the rule cover based on the consequent information.

Step 1: Pseudo code for optimization of rule generation

1. while (t<=no_of_gen)

2. M_Selection(Population(t))

3. ACO_MetaHeuristic
while(not_termination)
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generateSolutions()

pheromoneUpdate()

daemonActions()

end while

end ACO_MetaHeuristic
M_Recombination_and_Mutation(Population(t))
Evaluate Population(t) in each objective.

t=t+1

end while

Decode the individuals obtained from the population with
high fitness function.

®© NG

Step 2: Pseudo code for clustering the rules generated

Input: setof rules generated by the HEARy={Xi>Y | i=1,2,...n
} and the rule cover.
1. Generate the cluster rule cover
2. count=number of records in the cluster cover
3. while(no of records in the cluster cover > 2% of count)
Sort all the rules in the Ry in the descending order of the rule
cover.
Take the first rule r with highest rule cover
If theno of recordsin the rule cover is <=2% of count

Exit whileloop
End if.
4. ry=ryUr

5. Delete the highest rule cover from the cluster cover
6. End While

Output: the representative rule set.

The representative rule set is used for the segmentation of the
consequent.

6. Results and Discussions

We have used the synthesized dataset for our research. The area
of study is Madurai City.

S

Bre s

Varzina

Fig 1: Madurai City
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Data has been collected in and around the city of Madurai. The
main aim of the data collection is about the Mobile phone users
based on their service providers, Mode of usage and the amount
of recharge done by the customers on the location basis. The
general procedure of data mining is: question raise — data
preparation (including data selection, data pretreatment and
data transformation) ~data arrangement -model building/data
mining — resultevaluation and explanation. Data preparation
is the key which determines the success of data mining. The
process of spatial data is much more complex[28]. After
preprocessing we have transformed the spatial data in term of
xls file. We have implemented the basis of the apriori algorithm
of association rule, we programmed to complete the calculation
in virtue of MJanguage in Matlab. The specific procedure is as
following.

(1) Takeadvantage of “import wizard” in Matlab to accomplish
the import of data file. Until now, the data fields and
character fields are saved separately. For example, the
default uses a matrix named “data_num” to keep numerical
fields and a matrix named “textdata” to keep character
fields.

(2) Runalgorithm step 1to generate the rules.

(38) Runalgorithm step 2 to generate the target group using Java.

Keeping the confidence as 50% we have computed the results. In
fig 1 the comparison has been done for the number of rules
generated to the support count given with the Apriori algorithm,
Apriori algorithm optimized with the MOGA and the Apriori
algorithm optimized with HEA proposed in Step 1.

Comparision of Number of Interesting Rules
Generated

[EApriori
WApriori with MOGA
OApriori with HEA

rules generated

Number of interesting

5% 10% 15% 20%
Minimum Support

Fig 2 : Comparison of The Three Algorithms based
on The Number of Rules Generated

From Fig 2 we can have the following observations

1. When the Support is increased the numbers of rules
generated are decreasing and the use of HEA also performs
asignificant change in the number of rules generated.

2. HEA performance is close with the MOGA, but the
application of the ACO reduces the number of needed rules
generated .

In fig 3 the comparison has been done for the lift ratio for the top
500 rules generated to the support count given with the Apriori
algorithm, Apriori algorithm optimized with the MOGA and the
Apriori algorithm optimized with HEA proposed in Step 1.



Prediction of Customer Behavior using evolutionary Associative Clustering 17

Comparision based on the Lift ratio
generated for various support levels

100
80
2 W Apriori
%60 A P
b MWApriori with MOGA
5 40 DApriori with HEA
20 -
0 .

5% 10% 15% 20%
Support

Fig 3 : Comparison of the Three Algorithms
based on the Lift Ratio

Lift ratio says us how much better the rule is better as predicting
the result than just assuming the result in the first place. It is
defined as the ratio of the records that support the entire rule to
the number that would be expected, assuming there was no
relationship between the items. From Fig 2 we can have the
following observation, Lift ratio for the HEA is better than the
other two algorithms. This shows the efficiency of the HEA to
identify the rules for predicting the result.

In fig 4 the comparison has been done for computational time for
the support count given with the Apriori algorithm, Apriori
algorithm optimized with the MOGA and the Apriori algorithm
optimized with HEA proposed in Step 1.

Computational Time

—— Apriori
—& Apriori with MOGA
Apriori with HEA

5

0 T T

5% 10% 15% 20%
Minimum Support

Fig 4 : Comparison of the Three Algorithms based
on the Computational Time

By the refinement of the rules generated HEA algorithm in step 2
by the cluster concept is useful in narrowing the segmentation.

The segmentation has been done to find the popular Service
provider in the various locations of Madurai, Mode of usage
used and the amount of recharge done

Fig 5 : Customer profiling based on
Area and Service Provider

Comparative analysis for Service provider
based on the location

Nodf cusbmars

Location under study

Fig 6 : Comparative analysis for Service
Provider based on the Location

Based on the above analysis we can find the following facts.
1. Themaximum usage is based on the BSNL service provider
2. Inthenorthstreetarea Airtel provides the maximum usage

Fig 7 : Customer profiling based on area
and mode of usage
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Comparative analysis for Area and mode of usage

80
70 =
g 8
40
307
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2 K mLife Time Card
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f%}{& «59&%‘& 66& OStudent Scheme

Area

Fig 8 : Comparative analysis for area
and mode of usage

Based on the above analysis we can find the following facts
1. Ratecutteris preferred by the users

Comparative analysis for Area and amount of recharge

70
N
& 30
K =
0 W50 - 100
100 - 200
0> 200

Area

Fig 9 : Customer profiling based on area
and amount of recharge

Fig 10 : comparative analysis for area
and amount of usage

2.

1.
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In three areas the amount of recharge is mostly around Rs.
100-200.

Conclusion

Prediction of Customer Behavior for the Mobile communication
in the area of study gives us knowledge about the behavioral
trends of the Customers. The usage of the Associative clustering
algorithm optimized by the Hybrid evolutionary algorithm
provides efficient usage of the given data to form the
segmentations. HEA reduces the time for the prediction and
increases the lift ratio of the rules generated. Clustering the
Association rules gives the formation of the segmentation of the
preferred customer behavior. In future we can use Classification
over the Clustered Rules.
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