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Abstract

Recommendation systems mean based on customers interest techniques and tools are to generate the new products and services. The
main issue in this recommendation system is the number of users are more and giving preference to their items takes more time. And also
processing the date takes more time. Hence, clustering techniques are used for users into overlapping groups helps in the information
sparsely issue and improve recommendation range. Next essential factor in this system is dynamic attention on users in which their
importance varies. This work mainly concentrates on using the ant clustering technique to improvethe multi-view clustering method.

Keywords: Clustering, Association Rule, Data Mining, Recommendation system.

1. Introduction

Recommendation system (RS) is a widespread class for creating
applications on the web that includes calculating the user’s
responses with options. It is found in several recent web
applications that expose the user’s huge item collections. The
amount of data and things got very massive, in leading the
overload of information. It turned into a big issue to discover what
actually the user looks. Moreover the issues are solved by search
engines partially; however, personalization of data was not
specified. So the recommender systems provide the solution for
this above-mentioned issues. Filtering and sorting the information
is done by RS tools. And also, many researchers studied several
facts of RS like semantics, scalability etc.

This paper organized as follows: Sect. 2 gives the background of

the Recommender system. In sect. 3, gives the proposed

architecture in multiway ant cluster approach in mining. In sect.

4, implementation of proposed work is described. Finally, in sect.

5, a conclusion is made.

2. Background

2.1 Recommendations System

It improves the accuracies of their recommendations by using
several methods like context-aware, semantic and other
approaches.

2.1.1. Content-based Recommender System

This work created the users profiles at the beginning. The
information of a profile contains about a user and his taste. Rated

items is defined on user’s taste [11]. Normally, creation of users
profile in this systems is makes by survey, and to avoid the new
user issues it acquire the information about the users initially
itself.

2.1.2. Collaborative Filtering Recommender System

This system is one of the greatest studied methods of
recommender systems and described by Paul Resnick and Hal
Varian [2]. The objective of this filtering is to find users in a
community that share obligations.
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2.1.3. Hybrid Recommender System

This approach is the combination of collaborative [1] and content
based system to give the better results. This approach is used to
avoid some restrictions and issues of pure recommender systems,
like the cold-start issue.

2.1.4. Context-Aware Methods

This will give the information about the user’senvironment and
situation details of he/she is in. Such information may perform
additional important role in this recommendations of rating the
items, and this information itself not providing complete
information about which positions the ratings were specified by
users. Few recommendations are appropriate to a user in evening
and it doesn’t match the same user preferences in the morning.
And he/she would like to do when it’s cold and entirely another
choice when it’s hot.

2.1.5. Semantic Based Method

Recommender system [3] or a computer couldn’t understand the
lexical and syntactical analysis but that should be understood by
the user. To overcome these issues we are developing the new text
mining method using semantic-based analysis. Recommendation
systems with text mining methods are called as semantic based
recommender systems [8].

3. Proposed Architecture

3.1 Multi-View Ant Cluster Method with Adaptive
Association Rule Mining

Proposed system details has been explained here. A new approach
called as multi-view clustering is proposed here. Quality is
improved in this personalized recommendation system to the users
[6], communities have generated the rules through adaptive
association rule mining [12]. The input is the movie lens data set
which consists of movie details, user details and the ratings given
for the various movies by various users.

3.2 Community Generation Using Multi-View Ant
Cluster Approach

Many model-based methods are developed for community
generation in social networks [5]. Among them, matrix
factorization is the most popular method which is widely used to
address the issues in training the dataset.

3.2.1 Multi-View Ant Clustering

Ant clustering algorithm has been applied for forming user
communities [11-13]. The algorithm describes the steps in ant
cluster algorithm.

Algorithm 1

Step 1: Randomly select the one agent.

Step 2: Randomly identified direction on the grid was performed
by the agent in step by step process.

Step 3: The agent (probabilistically) chooses whether to drop
p*dmp@ (eq. 3.2) its data item in its present situation or in the
instant neighborhood.

Step 4: Then it examines for a new data item immediately to pick
up p* ik (€9. 3.1).

Step 5: Step 3 and step 4 continues until it becomes successful
picking process occurs.

For the picking and dropping decisions the following threshold
formulae are used

1.0 .
* o if fx(i)<1.0
p pick® — {f*(li)z else" 31
1.0 .
* _ if fx(1)=1.0
p drop(i) - {f*(i)“ else, 3.2

Where f# ()" is a modified version of Lumer and Faieta’s
neighborhood function?
fx ()=
1 dGp\ . . . d(i,j
{ 6—22(1—%) lf(f*(l)>0AVj(l—%)>0) 33
0 otherwise

1. . . .
Where =is a neighborhood scaling parameter, o is a parameter
9

scaling the dissimilarities within the neighborhood functionf = (i),
d (i, j) a dissimilarity function.

Pseudo code

Input: dataset objects

Output: set of clusters

1 Randomly scatter o; object on the grid file
2 for each agent a; do

3 random_select_object (0;)

4 pick_up_object o;

5 place_agent a; at randomly selected empty grid location
6 end for
{*Main loop*}

8 fort=1totmaxdo

9 random_select_agent (a;)

10 move_agent g; to the new location
11 i = carried object (agent a;)

12 Compute f*(oi) and p*drop (0;)
13 if drop = True then

14 while pick = False do

15 i = random_select_object o

16 Compute f*(oi) and p*pick (0;)
17 Pick_up_object o;

18 end while

19 end if

20 end for

21 end

3.2.2. Overlapping Community Detection and Combination

After community formation using the ant cluster algorithm, the
overlapping communities can be detected [7]. The overlapping

proposition measure & ., is
_ |cp N cgl [NCp NNCg|
Opq = B+ [ep Ucq| +(A-p) [NC, UNC| 34

For smaller communitytﬁ' pg- I8 calculated using the formula 3.5.

— [epneq|
P4 min(|cp|uleq)

) 3.5

3.2.3 Partition User based on Time

For partitioning the user based on time the algorithm is given
below:

Algorithm 2: Time Based Partition
Step 1: Select a Community Cn.
Step 2: Analyse the different time period t1...... tn available in the
community Cn.

Step 3: Detect the overlapping time period and combine
together.

Step 4: Output the finalized time frames t1 ....tn.
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3.3Adaptive Association Rule Mining
3.3.1 Adaptive Frequent Itemset Mining

The minimum support [9] value plays an important role in
affecting the algorithm’s performance in this search process.
Without increasing the computation time it must be self-adaptive
to provide enough rules for high-quality rule mining. Then Sort
frequent items in decreasing order based on their support value.
The minimum support value is adjusted for each community in
order to generate better rules for the recommendation.

3.3.2 Association Rule Mining

Support is used to indicate how frequently the items appear in the
database. The confidence indicates the number of times the
statements have been found to be true.

Pseudo code for Association Rule

Association rules mining procedure on a certain community.

Input: frequent item set Fsetk and dataset Dk for the kth

community.

for each FsetK do

Formsarule. A->B

find the count of items A in dataset

Find the count of {A, B} in frequent item set.

A = B [s, c] support s: denotes the frequency of the rule

within transactions.

Compute support (A= B[s,c]) =p(A U B)

Confidence c: denotes the percentage of transactions

containing A which contain also B. It is an estimation of

conditioned probability.

8. compute confidence (A = B [s, ¢]) = p(BJA) = support
(A,B)/support (A)

9. End for

10. End

apwNDE

~N o

4. Implementation

The experiments are conducted with the movie-lens dataset to
assess the performance of the existing and proposed system with
different values of N. where N is the Top N recommended items
to the i™ user. The experimental result for the top 5 and top 10
items that are recommended to the users with the data’s in the
movie —lens dataset give the following values for precision, recall
and f1 measure. The average Precision, Recall and F1 measure
values of proposed framework for Movie lens dataset for 50 users
are as follows

4.1 Evaluation Results for Top 5 Recommended Movies

a. Precision for top 5 movies
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As shown in the graph, proposed algorithm performs better than
the TOTAR at different N’s (N=5) for the Movie Lens dataset,
which indicates improvement in temporal overlapping community
structure generation and improves the quality of recommendation.

5. Conclusion

In this paper, Multi-view Ant colony based clustering technique is

used to detect the communities by using multiple dimensions such
as rating similarity and trust between users. Hence using
additional parameters can improve the quality of the communities.
Another key factor is overlapping communities in which the user
may appear in more than one community or the communities can
have more similar nodes. In this case, it is necessary to combine
the communities that overlap with each other in order to avoid
redundancy of data. Another parameter time adaptive filtering is
also included in this paper in an efficient way. This will address
the issues present in the existing system and reduce the processing
time and give most desirable result in recommendation system.
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