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Abstract: With the development of communication networks, online access to information 

among much dense similar information has become a big problem. Therefore finding customers’ 

desired products in e-commerce is more difficult now. Product Recommendation System (PRS) 

tries to solve this problem and reduce the overhead of communication networks by giving rec-

ommendations to customers. The purpose of this study is clustering products and create groups 

of products that have similar characteristics.Thus access to products with common attributes be-

comes easier and it prevents customers from searching in confusion or wasting time. In this arti-

cle, data collected from electronic stores is clustered and grouped using C-Means algorithm. An-

other goal is to predict whether or not the customers purchase accessories related to the products 

they tend to buy. To explore the relationship between products, you must use the customer's be-

havior and their purchase history using association rules .These rules use data mining to discover 

the relationship. This relationship eventually will lead to recommendations to customers when 

they purchase the product The relationship between products helps to increase the accuracy of 

recommendations and also increases the likelihood of selling related products in electronic trans-

actions .More detailed recommendations will lead to carefully selected customers. The results 

indicate that the accuracy of recommendations in the proposed PRS is more than other RPSs. 

 

Keywords: product recommendation system, dihedral RPS, e-commerce, clustering, associa-

tion rules. 

 

1. Introduction 

In recent years, rapid advances in data 

collection and storage technology have ena-

bled organization to accumulate vast amount 

of data. Data from experimental and scien-

tific experiments needs to store. On the other 

hand, data storage has related complexity 

and the cost. Also, extracting useful infor-

mation has proven extremely challenging 

[1].Besides the input data gives statistical 

information in the first level to us, it has ad-

ditional information embedded inside itself 

that are not easily accessible. 
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Today with using of data mining and ap-

plying the rules in this field, we can create 

models on data that reveal in this implicit 

knowledge and embedded information to us. 

Data mining applications are growing in-

creasingly in various sciences such as Inter-

net and Web [2]. These applications can 

cover many aspects of the web and extract 

implicit information on the web. This infor-

mation can show way of use the web for us-

ers to reach their goal. Undoubtedly with 

access to this information we can design a 

flexible web interface that users enjoy from 

interact with this interface and they can 

achieve their goals ease and fast. 

In this paper, we use data mining applica-

tions in e-commerce. Using this application 

can give information about available prod-

ucts at electronics to customers. They can 

access to desired products easily and without 

wasting time for search. Also with monitor-

ing commercial transactions can mine pat-

terns as association rules to discover the po-

tential relationship between the products in 

the store and suggest these related products 

to customers. To achieve these goals, PRSs 

have been developed in e-commerce field. 

PRS is a service that takes a set of the us-

er's criteria as input and searches among the 

items in the database for products in accord-

ance with the user's criteria and finally sug-

gests the list of products to the user that 

match with user’s criteria as the output. Us-

ers by this recommendation can find require 

products without wasting time and confu-

sion and make more accurate decisions 

about purchase product. In addition, PRS 

can monitor the history of customer pur-

chase behavior, preferences and predict cus-

tomer needs and products that are closely 

related with products which proposed to cus-

tomers. Also users can recognize products 

based on the recommendations that associat-

ed with their priorities, and decide to buy. 

Hence, the recommendation system can help 

to users to identify suitable products for 

their needs and preferences in an effective 

way and solve the problem of information 

overload in e-commerce and help to growth 

sales [3]. 

This paper is organized in five sections. 

The Second section includes related work 

about PRS. The third section contains pro-

posed PRS. The fourth section includes im-

plementation of proposed PRS. The fifth 

section concludes of this paper and discusses 

about future work. 

2. Related Work 

Undoubtedly customers have demanded 

more personalized information delivery ser-

vices. Therefore many PRSs are introduced 

in literatures that try to provide more per-

sonalized services. 

A social recommendations system for e-

commerce with combining similarity, trust 

and relationship is proposed that Detects 

priority of the members through close 

friends and social network [3].The basic 

idea of trust and reputation systems is to ob-

tain a score for users. According to these 

results, other users can decide whether they 

are traded by a trusted user or not.IN fact 

this mark establishes the reliance on the rec-

ommendations of any person that is obtained 

by close friends in social network [3]. 
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Other recommendation system based on 

Association classification for personaliza-

tion in B2C e-commerce applications is pre-

sented that based on associative classifica-

tion method, for the product recommenda-

tion Issue can build an evolving system [2]. 

In this system first, historical requirement 

data are selected and transformed into prop-

er phrase datasets. Then Data mining proce-

dure then starts to search for a set of associ-

ated, frequently occurring phrase patterns 

(classifiers). In this regard, stemming algo-

rithm and a common stop word list in Eng-

lish are adopted to reduce the dimensions of 

the text documents and improve the effi-

ciency of the classifier extraction [4]. 

Other one based on clustering comments 

of user and reviews is proposed in [5]. In 

this work, related comments about products 

presented by reviewers and users are clus-

tered. Product reviewers also considered as 

the part of users and affect their preferences 

in the clustering. This paper recommends 

closed products with cluster apriority to us-

ers which into clusters. The customers that 

shopping for the first time can use reviews 

and other customer comments cluster as 

guidance in choosing the product.  Products 

that have already been offer to this cluster, 

present to new customers [5]. 

A PRS with the dynamic templates is in-

troduced in [6]. Since users have different 

needs at different times and customer's pur-

chase due to variety of requirements at dif-

ferent times are vary considerably, hence the 

constant PRS cannot Responder the needs of 

customers. In this paper, the behavior of the 

users during the lifecycle is considered and 

the needs of customers in each period manu-

ally classified. This classification facilitates 

recommendation process and helps to per-

sonalization product recommendation [6]. 

Other PRS is proposed in [7] that it’s a 

solution on personalized products recom-

mendation based on user-contributed photos 

from social media sites. The input of this 

approach is user shared photos of the same 

webpage and their corresponding textual 

descriptions. Then the PRS recommends re-

lated products with these descriptions to us-

er. 

Other PRS is developed [8] that called 

HOPE, which integrates CF-based recom-

mendation using implicit rating and SPA-

based recommendation that calculates ex-

plicit rating for each user. Then it finds k 

neighbors that have similar rating for each 

target user. Then it discovers sequential pat-

tern with monitoring on neighbors’ purchase 

behavior and assigns normal weight to prod-

ucts. Finally it advises n products with high 

normal weight.  

Another PRS is presented [9] that intro-

duced a prototype of e-commerce portal, 

called e-Zoco, of which main features are: 

(i) a catalogue service intended to arrange 

product categories hierarchically and de-

scribe them through sets of attributes, (ii) a 

product selection service able to deal with 

imprecise and vague search preferences 

which returns a set of results clustered in 

accordance with their potential relevance to 

the user, and (iii) a rule-based knowledge 

learning service to provide the users with 

knowledge about the existing relationships 

among the attributes that describe a given 

product category [9]. 
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3. Proposed Dihedral PRS 

Dihedral PRS proposed in this work, as 

the name suggests, Includes Tow level of 

product recommendation that first level rec-

ommended before product purchase and 

other one after buying. In fact, this PRS ini-

tially recommends products that have close-

ly related with customer’s criteria and re-

quirements to avoid wasting time. In second 

level it recommends associated products to 

purchased product by customers to complete 

buying process and to aware them from po-

tentially related products with their desired 

products. 

In this section describe the overall 

framework of proposed PRS. First, we col-

lect products’ data from electronic store. 

These data includes name, type, price, quali-

ty rating and e.g. Then we separate the 

products according to these type (for exam-

ple products such as furniture, books, soft-

ware, and cellphone have different la-

bels).Then these products according to their 

numerical characteristics that can be price 

and quality rating are clustering in three 

separate clusters of high, medium and low 

quality by C-means algorithm. The proper-

ties of products into clusters are very similar 

to each other. However, the products are in 

separate clusters have different properties. 

After clustering products, an important 

challenge that seems is addition of new 

products to the system after clustering prod-

ucts. New products can add to electronic 

store in two ways: 

 New type of products 

 Different type of available 

products 

First case is simple because products 

have clustered by type and addition of a new 

type of product is easy. 

 Second case is more complex than other 

one. These products after adding to the sys-

tem should be in correct place between the 

clusters to accordance with other products in 

the system. It becomes a classification issue 

that we solve it using decision tree that it’s a 

data mining application. 

Next, the PRS tries to identify customers’ 

requirements and criteria. In order to this 

work we will use an online form in electron-

ic store that gives information about type, 

quality, price, brand, etc. of product that 

costumer wants to buy. 

After gathering this information, custom-

ers are leaded to related cluster to choose 

products that close to their preferences. 

In next step we collect information about 

history of shopping behavior of customers 

from the electronic store. This information 

includes items that often when a product is 

purchased other products to be purchased 

with this. In fact can be said products to be 

identified that participate in electronic store 

transactions as relate products. With achiev-

ing this information we can explore relate 

between products by a data mining applica-

tion that called association rule mining. Also 

we can set buying pattern using this rules. 

Eventually these relations and rules will lead 

to creation of product buy recommendations 

to customers. The relationship between the 

products will increase the likelihood of buy-
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ing the products with together.Figure1 illus-

trates the overall frame work of proposed 

PRS. 

 

 

3.1. Clustering

Clustering means creating groups of ob-

jects based on their features in such a way 

that the objects belonging to the same 

groups are similar and those belonging in 

different groups are dissimilar. Clustering is 

one of the standard workhorse techniques in 

the field of data mining. Its intention is to 

systematize a dataset into a set of groups, or 

clusters, which contain similar data items, as 

measured by some distance function. The 

major applications of clustering include 

document categorization, scientific data 

analysis, customer/market segmentation and 

www. The other areas include pattern 

recognition, artificial intelligence, infor-

mation technology, image processing, biolo-

gy, psychology, and marketing [10]. 

Data clustering has attracted the attention 

of many researchers in different disciplines. 

It is an important and useful technique in 

data analysis. A large number of clustering 

algorithms have been put forward and inves-

tigated. Clustering is an unsupervised learn-

ing technique. Unlike classification, in 

which objects are assigned to predefined 

classes, clustering does not have any prede-

fined classes.The main advantage of cluster-

Figure 1: The Overall Framework of Proposed PRS 
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ing is that interesting patterns and structures 

can be found directly from very large data 

sets with little or none of the background 

knowledge. The cluster results are subjective 

and implementation dependent. The quality 

of a clustering method depends on the simi-

larity measure used by the method and its 

implementation; its ability to discover some 

or all of the hidden patterns and the defini-

tion and representation of cluster chosen by 

the user [10]. 

A variety of data clustering algorithms 

are developed and applied for many applica-

tions domain in the field of data mining. 

Clustering techniques have been applied to a 

wide variety of research problems. So can be 

said, whenever one needs to classify a 

“mountain” of information into manageable 

meaningful piles, cluster analysis is of great 

utility [10]. 

In this paper we use C-means algorithm 

to clustering data that collected from elec-

tronic store. 

3.1.1. C-means Algorithm 

Clustering approaches based on fuzzy 

logic, such as FCM and its variants have 

proved to be competitive to conventional 

clustering algorithms, especially for real-

world applications. The comparative ad-

vantage of these approaches is that they do 

not consider sharp boundaries between the 

clusters, thus allowing each feature vector to 

belong to different clusters by a certain de-

gree (the so-called soft clustering in contrast 

to hard clustering produced by conventional 

methods). The degree of membership of a 

feature vector to a cluster is usually consid-

ered as a function of its distance from the 

cluster centroids or from other representa-

tive vectors of the cluster. The fuzzy fea-

tures of the k-Means algorithm are some-

times referred as Fuzzy C-Means algo-

rithm.Traditional clustering approaches gen-

erate partitions; in a partition, each pattern 

belongs to one and only one cluster. Fuzzy 

clustering extends this notion to associate 

each pattern with every cluster using a 

membership function. The output of such 

algorithms is a clustering, but not a partition 

some times. Fuzzy clustering is an exten-

sively applied method for obtaining fuzzy 

models from data.It has been applied suc-

cessfully in various fields including geo-

graphical surveying, finance or marketing. 

The most widely used clustering algorithm 

implementing the fuzzy philosophy is 

FCM,initially developed by Dunn and later 

generalized by Bezdek, who proposed a 

generalization by means of a family of ob-

jective functions. Despite this algorithm 

proved to be less accurate than others, its 

fuzzy nature and the ease of implementation 

made it very attractive for a lot of research-

ers that proposed various improvements and 

applications. Usually FCM is applied to un-

supervised clustering problems. The basic 

structure of the FCM algorithm is discussed 

below. The Algorithm FCM is a method of 

clustering which allows one piece of data to 

belong to two or more clusters. This method 

is frequently used in pattern recognition. It is 

based on minimization of the following ob-

jective function [10]: 

        

(1)  
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Where m is any real number greater than 

1, uij is the degree of membership of xi in the 

cluster j, xi is the ith of d-dimensional meas-

ured data, cj is the d-dimension center of the 

cluster, and ||*|| is any norm expressing the 

similarity between any measured data and 

the center. Fuzzy partitioning is carried out 

through an iterative optimization of the ob-

jective function shown above, with the up-

date of membership uij and the cluster cen-

ters cj by [10]: 

 

This iteration will stop when [10] 

          (3) 

Where  is a termination criterion be-

tween 0 and 1, whereas k is the iteration 

steps. This procedure converges to a local 

minimum or a saddle point of Jm. The algo-

rithm is composed of the following steps 

[10]: 

Step 1: Initialize U= [uij] matrix, U(0). 

Step 2: At k-step: calculate the centers vec-

tors C(k) = [cj] with U(k). 

Step 3: Update U(k), U(k+1). 

Step 4: If ||U(k+1) − U(k)|| <  then STOP; oth-

erwise return to step 2. 

In this algorithm, data are bound to each 

cluster by means of a Membership Function, 

which represents the fuzzy behavior of the 

algorithm. To do that, the algorithm has to 

build an appropriate matrix named U whose 

factors are numbers between 0 and 1, and 

represent the degree of membership between 

data and centers of clusters. In general intro-

ducing the fuzzy logic in k-Means clustering 

algorithm is the FCM algorithm. FCM clus-

tering techniques are based on fuzzy behav-

ior and provide a natural technique for pro-

ducing a clustering where membership 

weights have a natural (but not probabilistic) 

interpretation. This algorithm is similar in 

structure to the k-Means algorithm and also 

behaves in a similar way [10]. 

3.2. Association Rules Mining 

Another interesting application of data 

mining is discovering hidden relationships 

among a large set of data. Although data 

stored in data sets display statistical infor-

mation, these may have useful implicit in-

formation for data collectors. Exploring this 

information can cause improvement and 

promotion in preference and more utilization 

in variety fields such as Industry, providing 

services, trade, bioinformatics, medical di-

agnostics, web search, analysis of scientific 

data and etc. 

This interesting application called associ-

ation rules that identification is the discov-

ery of item sets which occur mutually in a 

given data set. The rules are based on the 

frequency number of an itemset, which oc-

curs alone, or in combination with other sets 

in a database. Association rule is mostly 

used to identify ‘interesting’ hidden rela-

tionships among attributes of huge database.  

Generally, a standard association rule is ex-

pressed in X →Y form, where X is the ante-

cedent and Y is the consequent, which signi-

fies that X will occur with Y for the same 
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instance in a database with a minimum level 

of significance. Note that each rule can have 

multiple items,i.e., a set of items, as ante-

cedent and consequent [11].Actually associ-

ation rules mining finds repeated items in a 

set of transactions as frequent patterns. 

A number of association rule mining al-

gorithms and techniques have been devel-

oped in the last few years. In this paper we 

use Apriori algorithm to discovering rela-

tionship between products available in elec-

tronic store. 

3.2.1. Apriori Algorithm 

Apriori algorithm has been used to find 

out strong association rules among itemsets 

of the incident data collected. The apriori 

algorithm to find out frequent itemsets and 

generation of association rule from frequent 

item set. The main two measurements of 

rule effectiveness are support and confi-

dence, which reflect the usefulness and cer-

tainty of discovered rules, respectively. 

Support (S) is the measurement of the pro-

portion occurrence of any itemset or combi-

nation of itemsets (e.g., X and Y) in a data-

base (D) [11]. Support is expressed as fol-

lows [1]: 

Support, s(X→Y) =                      (4) 

Confidence (C) is defined as the condi-

tional probability (P) of occurrence of the 

consequent of an itemset given that the ante-

cedent of that itemset has occurred [11]. 

Confidence is expressed as follows [1]: 

Confidence, c(X→ Y) = (5) 

The main idea of the Apriori algorithm 

theory as follows: 

Theorem1 (Apriori Principle). If an item-

set is frequent, then all of its subsets must 

also be frequent [1]. 

Conversely, if an itemset is infrequent, 

then all of its supersets must be infrequent 

too and the entire subgraph containing can 

be pruned immediately. This strategy of 

trimming the exponential search space based 

on the support measure is known as support-

base pruning. Such a pruning strategy is 

made possible by a key property of the sup-

port measure, namely, that the support for an 

itemset never exceeds the support for its 

subset [1]. 

Apriori is the first association rule mining 

algorithm that pioneered the use of support-

based pruning to systematically control the 

exponential growth of candidate itemsets. So 

initially, every item is considered as a can-

didate 1-itemset. After counting their sup-

ports, the itemsets that have support less 

than determined threshold is discarded. In 

the next iteration, candidate 2-itemsets are 

generated using only the frequent 1-itemset 

because the Apriori principle ensures that all 

supersets of the frequent 1-itemsets must be 

infrequent. Remaining itemsets will be used 

to generate candidate3-itemsets. More level 

of candidate itemsets will be generating in 

same way [1]. 

The apriori algorithm terminates when 

there are no new frequent itemset .This algo-

rithm uses as a level-wise approach for gen-

erating association rules, where each level 

corresponds to the number of items that be-
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long to the rule consequent. Initially, all the 

high confidence rules that have only one 

item in the rule consequent are extracted [1]. 

4. Implementation of Proposed 

PRS 

Implementation of this PRS includes 

three stages that described in follow. 

4.1. First Level of Product 

Recommendation 

Proposed dihedral PRS provides two lev-

el of product recommendation to users that 

first level recommended before product pur-

chase and other one after buying. In fact, 

this PRS initially recommends products that 

have closely related with customer’s criteria 

and requirements to avoid wasting time. For 

implementation this level we cluster a type 

of the collected data from electronic store 

using C-means algorithm based on numeri-

cal adjectives of products such as price and 

quality ratings. Considering that the quality 

rating is announced by company that creates 

the product, so reliable is. Therefore prod-

ucts that are in a cluster have similar proper-

ties while products are in different clusters 

have different properties. It’s a result of 

clustering. 

Table 1 shows a part of data about cell-

phone that are available in Tebian electronic 

store. This table includes six field, namely 

product ID, product name, Price (Rials), 

quality range, price range (Rials/M), Type. 

For the price and quality ratings are in a 

same range, we divide value of price to 

1000000 Rials and achieve price range (Ri-

als/M) field. 

In first step of C-means algorithm, scat-

tering data of cell phone is showed in Figure 

2. After this step, C-means algorithm is ap-

plied on data. In this paper, the number of 

clusters is considered three, namely Low 

quality, Middle quality and High quality. In 

next step, three centroid points are selected 

for three clusters randomly that is showed in 

Figure 3.  

 

 

 

Figure 3: Selection Centroid Points Randomly 

Figure 2: Scattering Data of Cell phone  

 



 

©2015, IJOCIT All Rights Reserved  Page 619 

 

International Journal of Computer & Information Technologies (IJOCIT) 

Corresponding Author:  Yahya Dorostkar Navaei 

February, 2015 

 

February, 2015 

 

Table 1: A Part of Data about Cellphone 

product 

ID 

product name Price (Rials) quality 

range 

price range 

(Rials/M) 

Type 

78277 Huawei Ascend Y210D 2700000 4.7 2.7 cell phone 

78278 Huawei Ascend Y210 2550000 4.6 2.55 cell phone 

78279 Huawei Ascend Y300  D 3750000 5.3 3.75 cell phone 

78282 Huawei Ascend G510 4600000 5.8 4.6 cell phone 

78286 Huawei Ascend Mate 10400000 8.05 10.4 cell phone 

78290 Huawei Ascend P6 9850000 8 9.85 cell phone 

79025 G510 4650000 5.8 4.65 cell phone 

79029 Huawei Ascend G610 6100000 6.5 6.1 cell phone 

79129 Huawei Ascend G700 7900000 7.3 7.9 cell phone 

79204 Huawei Ascend Y220 2350000 4.6 2.35 cell phone 

76353 C3312 Duos 2020000 4.5 2.02 cell phone 

76355 Galaxy Ace S5830 4300000 5.65 4.3 cell phone 

76357 Galaxy Mini 2 S6500 3590000 5.5 3.59 cell phone 

76358 Galaxy Note II N7100 - 16GB 13200000 8.4 13.2 cell phone 

76361 Galaxy Wonder I8150 6200000 6.6 6.2 cell phone 

76362 Galaxy Y S5360 2750000 4.9 2.75 cell phone 

76367 Galaxy Ace S7500 4800000 5.9 4.8 cell phone 

76369 Galaxy Mini S5570 3500000 5.25 3.5 cell phone 

76382 Galaxy S Advance I9070-8GB 6950000 6.9 6.95 cell phone 

76383 Galaxy S III I9300 9300000 8 9.3 cell phone 

76384 Galaxy Y Duos S6102 3630000 5.3 3.63 cell phone 

76386 S3850 Corby II 2950000 5 2.95 cell phone 

76388 Samsung Galaxy Star S5282 2350000 4.7 2.35 cell phone 

76393 Samsung Galaxy Young S6312 3500000 5.3 3.5 cell phone 

76395 Samsung Galaxy Note N7000 - 16GB 15250000 9 15.25 cell phone 

76460 Samsung E1200M 650000 4.1 0.65 cell phone 

76463 Samsung Galaxy Pocket S5300 2590000 4.8 2.59 cell phone 

76468 Samsung I9192 Galaxy S4 Mini Dual Sim 9100000 7 9.1 cell phone 

76469 Samsung E1200M 630000 4.2 0.63 cell phone 

 

 

Table2: Coordinates of Each Centroid 

Points 

Cell phone Cluster 

centroid 
(2.4767,4.7654) C1 

(6.0754,6.4115) C2 

(12.4669,8.3115) C3 

 Figure4: Correct Place of Each Centroid 

points  
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C-means algorithm changes place of cen-

troid points according to mean of data. Al-

gorithm repeats this replacement until there 

is no move in centroid points. At this time 

each centroid has placed in correct point at 

mean of cluster. Figure 4 illustrates final 

place of centroid points in each clusters. Co-

ordinates of each centroid points are pre-

sented in Table 2 that c1, c2, c3 are means of 

Low quality, Middle quality and High quali-

ty clusters, respectively. 

Point’s assignment to clusters is based on 

uij membership degree that mentioned in 

(2).Each point with high membership is as-

signed to cluster with nearest centroid. Fi-

nally clustering for data related to cell phone 

is shown in Figure5. 

4.2. PRS Development 

Due to the increasing variety of products 

in the online store development system 

should also be considered. In this case, the 

development of this system can be expressed 

as adding products to the system. In fact, the 

system clustering must be able to respond to 

increasing of product variety. That means is 

the products that add after clustering to 

online store should be placed in related clus-

ter correctly else either product will remain 

as no-clustered or clustering will be false. 

And provided recommendations will be in-

correct.  

For this purpose we discussed earlier, the 

products can be added to the system in two 

ways. First way solves as clustering a new 

type of products and second one must be 

classified. For classification we use Decision 

Tree approach. We should calculate the 

membership value of each product to the 

three clusters. Each of these membership 

values is higher; the product is allocated to 

this cluster. To do this we will calculate the 

following relations [10]: 

 

 

 

(6) 

Where A, B, C are membership value of 

c1, c2, c3, respectively. Top relations are the 

modified form of equation (2) [10]. Table 

.3displays a small set of data test for cell-

phone that should specify their cluster label. 

In fact, we want to classify this data test us-

ing the decision tree shown in Figure6. 

Figure5: Clustering for Data Related to 

Cellphone  
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4.3. Colleting Customer’s 

Criteria 

After clustering products, it's time to the col-

lection of customer’s criteria and require-

ments. Actually customer’s criteria are in-

formation about the required products that 

help us to lead customers to closed cluster. 

In order to that in this paper we prepare an 

online form that has certain options that cus-

tomer can choose one of the available op-

tions between several options. The ad-

vantage of this form is to prevent the redun-

dant and noisy information. This form con-

tains three categories of information. 

 Type Information: in this part, cus-

tomer selects the type of required 

product. 

 Cluster Information: in this part, cus-

tomer selects the quality and price of 

required product. 

 Additional Information: in this part, 

customer selects the brand and man-

ufacturing date of required product. 

Customers with filling this form give cor-

rect information about desired product and 

PRS leads them to related cluster with this 

product. 

Table 3: Data Test Points for Cellphone

product 

ID 

product name Price (Ri-

als) 

quality 

rate 

price rate Type Cluster 

78213 Xperia P 7850000 7.3 7.85 cell phone Middle 

78214 Xperia SL 9320000 7.85 9.32 cell phone Middle 

78426 Xperia P 7830000 7.3 7.83 cell phone Middle 

78427 Xperia Ion 9250000 7.8 9.25 cell phone Middle 

78428 Xperia S 9250000 7.8 9.25 cell phone Middle 

78429 Sony Xperia M 5550000 6.25 5.55 cell phone Low 

78443 Sony Xperia Z Ultra 19500000 9 19.5 cell phone High 

78444 Sony Xperia L 7450000 7.25 7.45 cell phone Middle 

78445 Sony Xperia M 6950000 6.9 6.95 cell phone Low 

78885 Sony Xperia SP 10100000 8.4 10.1 cell phone High 

78886 Sony Xperia ZR 13000000 8.7 13 cell phone High 

78887 Sony Xperia Z1 21000000 9.5 21 cell phone High 

 

Figure 5: Decision Tree for PRS development 
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4.4. Second Level of prod-

uct Recommendation  

In this section we discover rules and rela-

tions between clustered products. In order 

to, we collect all transactions in electronic 

store during two months. These transactions 

are probed and Table .4 gained as summary 

of all transactions table. 

Table 4: Transactions Table 

Transaction number 
Laptop - Modem - Software - Router 1 
Bluetooth Hands free - Tablet - Flash 2 
Software - Book - Flash 3 
Cell Phone - Memory Card - Software 4 
Bilateral pan - Ground cleaner - Digi-

tal scale 
5 

Cell Phones - Hands free - Memory 

card - Flash 
6 

Tablet - Software - Book 7 
Sofa - Dining table - Coat hanger- Ta-

ble footstool 
8 

Lap top - Modem - Router - Mouse  9 
Tablet - Software - Memory Card - 

Flash 
10 

Lap top - Digital Receiver - Lap top 

bag 
11 

Cellphone - Chargers - Gel frame 12 
 Coat hanger- Table footstool 13 
Tablet - Software - Book  14 
Laptop - Modem - Digital Receiver 15 
Software - Book - Flash 16 
Sofa - Dining table - Bilateral pan - 

Coat hanger 
17 

Lap top - Modem - Mouse - Flash 18 
Cell Phone - Hands free - Gel frame 19 
Ice Cream Maker - Juicer - Crusher 20 
Lap top - Mouse - Lap top bag 21 
Knife - Juicer- Saucepan 22 
Router - Mouse - Modem 23 
Sofa - Table footstool 24 
Software - Book - Memory Card 25 

 

For mining association rules and the rela-

tionship between products Apriori algorithm 

is applied on these transactions. As ex-

plained in the previous section, the candi-

date i- itemset is calculated for i = 1,2,3,… 

And then according to the algorithm, rules 

with high confidence selected as candidate 

association rules. Considering that in this 

study the number of transactions and variety 

of items are high, itemset thresholds can be 

set down. Candidate 1-itemsets are generat-

ed from transactions table and items that 

have confidence less than threshold are 

eliminated. Also candidate 2-itemsets are 

generated from candidate 1-itemsets and  

candidate 3-itemsets are generated from 

candidate 2-itemsets by pruning according 

threshold. Finally, candidate rules are ex-

tracted from candidate 3-itemsets with high 

confidence and there for association rules 

between products are mined from these can-

didate rules. Table 5 shows a summary of all 

candidate rules that extracted from candidate 

itemsets.    

Table 5: Extracted Candidate Rules 

Number Rules 

1 { Laptop}↔{Modem - Router} 

2 {Laptop}↔{Mouse - Laptop bag} 

3 {Cellphone}↔{Memory Card- Flash} 

4 {Cellphone }↔{Chargers - Gel frame} 

5 {Tablet }↔{Software - Flash} 

6 {Software }↔{Book - Flash} 

7 {Sofa}↔{ Coat hanger- Table foot-

stool } 

8 { Laptop}↔{Modem - Router} 

9 { Laptop}↔{Modem - Router} 
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As shown, using Apriori algorithm, fre-

quent candidate itemsets are extracted from 

transactions that occur during two month in 

electronic store and by these itemsets 

achieved associated rules with high confi-

dence. Now using these rules we discover 

the relations between products and create 

second level of product recommendation. 

Figure 6 shows relations between products. 

When customer selects one of the products, 

other products that are linked with this sug-

gested to customer as second level of prod-

uct recommendation. 

Figure 6: Relations between Products

Where in this figure each product is 

shown with an icon and double-sided arrows 

indicate a close relationship between these 

products. Related product Suggestion causes 

prevent of wasting time in product finding. 

Also increasing accuracy of this recommen-

dation will raise the sales and profitability of 

the electronic store and will increase cus-

tomer satisfaction rate. 

5.     Performance Evaluation 

As mentioned previous section, with in-

creasing levels of customer satisfaction from 

received recommendations, store sales will 

Cell phone 

Memory Card 

Flash 

Chargers 
Book 

Software 

Tablet 

Gel frame 

Table footstool 
Coat hanger 

Laptop 

Mouse Router 

Sofa Modem 

Laptop bag 

Hands free 

Icons= products 

              = relations 
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increase that it shows high accuracy of pro-

posed PRS. In order to evaluate the perfor-

mance of the dihedral PRS we use these two 

criteria. 

5.1. Feedback 

The first way is accessible by collect 

feedback on the performance of the PRS. In 

fact, this is collection of comments from 

customers about the system and the effec-

tiveness of the proposed recommendations. 

Customer response to this survey specifies 

the performance of the PRS. 

Feedback is a method of gathering opin-

ions in online systems, to evaluate the per-

formance and utilization improvements or 

make changes in the system. Online surveys 

are one of the most common methods to 

providing feedback. Survey forms are em-

bedded in most websites and web pages 

causes this method has become one of the 

most popular methods across web. Since this 

study also takes steps to provide online 

product recommendations to customers, we 

use online survey form to get feedback. This 

form contains five options that are very 

weak, weak, middle, good and excellent that 

expresses Customer’s feelings about the sys-

tem. Two first options represent a customer 

dissatisfaction sense of the system. Third 

option represents a neutral sense of customer 

and two last options show the user's sense of 

satisfaction. 

Figure7 shows the opinion graph of 200 

customers has purchased from online store. 

As shown in Figure .7 approximate 75 per-

centages of customers that received recom-

mendations have sense of satisfaction. This 

amount for people who have felt neutral is 

about 15%.Also, according to the Figure we 

can realize that only 10% of customers are 

dissatisfied 

 

 

Finally, we find that the PRS relying on 

customer reviews have good performance in 

clustering products and discover the rela-

tions between products available in stores. 

5.2. Increasing Sales of Prod-

ucts  

With increasing levels of customer satis-

faction will increase the use of this system to 

buy from stores and this will increase the 

sales of products. In fact, the accuracy of the 

PRS should be to increase sales in online 

store. For this purpose, data on sales during 

one month before and one month after the 

implementation of the PRs to evaluate the 

performance and amount of selling products 

in the store is collected. Figure 8 compares 

the selling products for a month before and 

after the implementation of the PRS. 

 

Figure7: Opinion Graphs of 200 Customers 
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Figure 8: Compares Selling Products for a Month Before and After the Implementation of the PRS 

According to Figure.8 can be seen that 

76% of the products after the implementa-

tion of the PRS have sales growth. On closer 

inspection you can see that the product rec-

ommendations were accurate therefore the 

amount of sales is increased by implement-

ing proposed PRS in electronic store. 

6. Conclusion 

In this paper, a new method has been in-

troduced called the dihedral PRS in e-

commerce using data mining applications. In 

this PRS, products recommendation is of-

fered at two levels. First level of product 

recommendation is before choosing product 

where products are clustered using C-means 

algorithm. Customer product criteria are col-

lected through an online form and customers 

are leaded to related cluster. Also to add 

new products to the clusters is presented an 

approach through the decision tree classifi-

cation method. 

The second level of product recommen-

dation is after product selection where po-

tential relationships between products are 

discovered using association rules mining. 

At this level, then customers select the prod-

uct, related products are advised to them. 

Finally to evaluate the performance used 

of the two criteria namely customers feel 

and increase sales .The results show that 

75% of customers, who received buy rec-

ommendations from the proposed dihedral 

PRS in this study, feel satisfied. Also the 

comparison of sales before and after the im-

plementation of proposed PRS shows 76% 

of the products are available in store after 
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the implementation of PRS, sales have in-

creased. These results indicate that the accu-

racy of recommendations for the proposed 

PRS is high. 

For future work, can be used sequential 

patterns to increase the accuracy of the rela-

tionship between products and providing 

product recommendations. This approach 

attends to the time ordering of transactions. 
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