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Abstract— To huge development of Internet technologies, 

an increasing of service-relevant data and information as 

become too big to handle by recommended system. So, we 

can use Clustering along with Item Collaborative filtering 

Approach. Technically, these approaches can be split into 

two levels. In first level, available services are divided 

among cluster and each cluster has similar services. At the 

second level, Item Based Collaborative Filtering Approach 

is applied on one of the cluster. This approach is used to 

analyze the user-item matrix to identify relationships 

between different items. In this paper, to evaluate our results 

and compare them to the Agglomerative Hierarchal 

Clustering (AHC) algorithm to reduce the execution time of 

the available web services. 
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I. INTRODUCTION 

Nowadays, users are increased to the internet uses for all the 

work get digitalized. As a result the data in the internet gets 

increased. Big Data is the term refers large dataset. It 

consists both structured and unstructured data. Unstructured 

data refers information that is not able to fit in row-column 

database. Social Network like face book, twitter, linkdln and 

youtube are some of the source for production of 

unstructured data. The right BD analytics helps to improve 

operation, customer service to increase effective and 

efficiency. The important challenge for the big data is to 

explore the large volumes of data and extract useful 

knowledge for future action. Recommender systems 

(available services) are the techniques to serve users in a 

decision making process. RSs is classified into two groups. 

1) content-based system and 2) Collaborative Filtering (CF) 

system The problem of the BD is wide range of services 

taken for analysis, it takes high computation time. 

II. PROPOSED SYSTEM 

The solution of the problem is to decrease the number of 

services. Clustering are such techniques that reduce the size 

of available services.  

III. CLUSTERING  

In step clustering first stem words are recognized by using 

Porter Stemmer Algorithm. Then similarity in services 

based on Description & Functionality is Computed By using 

Jaccard similarity coefficient (JSC). Characteristic similarity 

between two services is computed by using weighted sum of 

Description Similarity and Functionality Similarity. At last 

services are clustered using Hierarchical Clustering 

Algorithm.  

A. Hierarchical Clustering Algorithm 

Hierarchical Clustering is a technique of clustering which 

divide the similar dataset by constructing a hierarchy of 

cluster. This method is based on the connectivity approach 

based clustering algorithms. It uses the distance matrix 

criteria for clustering the data. It constructs step by step 

approach. Hierarchical method creates a hierarchical 

decomposition of the given set of data objects. Tree of 

clusters is called dendrograms. Every cluster node contains 

child clusters, sibling clusters partition the points covered by 

their common parent. Hierarchical cluster is further divided 

into two types.., 1.Agglommerative hierarchical cluster and 

2.Divisive hierarchical cluster. In this paper, we use 

agglomerative hierarchical clustering. 

1) Agglomerative Hierarchical Clustering 

AHC is a bottom-up methods. For the merging step, its 

fiinds the two clusters that are closest to each other, and 

combines the two to form one cluster. Clustering along with 

collaborative approach uses agglomerative algorithm for 

clustering services. 

AHC algorithm 

Input: A set of items  

S={I1 ,…………..In ),a characteristic similarity matrix 

D=[di,j]nxnthe number of required clusters k. 

Output: Dendrogram for k=1to I 

1)  

2)  

3)  

4) Dendogramk={c1,……..ck}; 

5) l,m =argmaxi,jdCi,Cj; 

6) 6.cl=Join(cl,cm); 

7)  

8)  

9) dcl,ch=Average(dCl,Ch,dCm,Ck); 

10) end if  

11) end for 

12) I=I-{cm}; 

13) 13.end for 

IV. RELATED WORKS 

L.H. Ungar et al. present a formal statistical model of 

collaborative filtering and compare different algorithms for 

estimating the model parameters including variations of K-

means clustering and Gibbs Sampling. This formal model is 

easily extended to handle clustering of objects with multiple 

attributes. And it is better than the traditional one. M.O. 

Conner reports on work in progress related to applying data 

clustering algorithms to ratings data in collaborative 

filtering. They use existing data partitioning and clustering 

algorithms to partition the set of items based on user rating 

data. Predictions are then computed independently within 

each partition. Ideally, partitioning will improve the quality 
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of collaborative filtering predictions and increase the 

scalability of collaborative filtering systems. They report 

preliminary results that suggest that partitioning algorithms 

can greatly increase scalability, but they have mixed results 

on improving accuracy. However, partitioning based on 

ratings data does result in more accurate predictions than 

random partitioning, and the results are similar to those 

when the data is partitioned based on a known content 

classification. Automated collaborative filtering is a popular 

technique for reducing information overload. K Honda et al. 

[16] propose a new approach for the collaborative filtering 

using local principal components. The new method is based 

on a simultaneous approach to principal component analysis 

and fuzzy clustering with an incomplete data set including 

missing values. In the simultaneous approach, they extract 

local principal components by using lower rank 

approximation of the data matrix. The missing values are 

predicted using the approximation of the data matrix. In 

numerical experiment, they apply the proposed technique to 

the recommendation system of background designs of 

stationery for word processor. 

ManhCuongPham used a clustering technique for 

collaborative filtering on venue recommendation system. 

The accuracy of collaborative filtering algorithm is 

increased by reducing scarcityproblem. Gediminas 

Adomavicius used a model based recommendation 

algorithms to consistently deliver high stability predictions. 

In stable technique addition of new ratings should not 

change the estimation of unknown ratings. The accuracy of 

prediction in recommendation system can be measured by 

Mean Absolute Error (MAE) and Root Mean Squared Error 

(RMSE) among many other techniques. AkihiroYamashita 

proposed a unified method for user based and item based 

collaborative filtering to improve the accuracy of 

recommended system. The unifying method uses a constant 

value as weight parameter to unify two algorithms. 

BADRUL SARWAR used an item based collaborative 

filtering for high quality recommendation. As relationship 

between items is static, item based collaborative filtering 

algorithm may be able to provide same quality similar to 

user based algorithm with less computation time 

V. COLLABORATIVE FILTERING  

In this module rating similarity between two services is 

computed by using Pearson correlation coefficient 

(PCC).Then neighboring services are selected by using 

Constraint Formula. In last step all recommended services 

are ranked in non-ascending order according to their 

predicted ratings. 

A. Challenges of CF 

There are three fundamental challenges for collaborative 

filtering recommender systems such as Data sparsity, Cold 

Start and Scalability. 

1) Data sparsity:  

This issue is take place when the user-item matrix is 

extremely sparse, that is, users rate only a small number of 

items, so accuracy of recommendation will be decreased. 

2) Scalability:  

With development of e-commerce and growing the number 

of users and items in such systems, the Scalability will 

increase, and ultimately the prediction calculations will be 

prolonged. Dimensionality reduction, clustering and item-

based collaborative filtering are more common ways to 

alleviate this challenge. 

3) Cold-Start:  

When a new user or new item enters the system, it is 

difficult to find similar ones, because there is not enough 

information about his/her history in system. To overcome 

this issue, the hybrid system is used commonly. In this 

system, both rating and content information are used for 

users or items for prediction and recommendation. 

B. Item-based Collaborative Filtering stages 

Up to now, IBCF algorithms have been widely used in many 

real world applications, such as amazon.com. it can divided 

into three main types.., 1) Compute rating similarities, 

2)select neighbors and 3)Recommendation system. 

1) Compute rating similarities 

Rating similarity computation between items is a time-

consuming but critical step IBCF algorithm. Common rating 

similarity measures include the Pearson Correlation 

Coefficient (PCC) and cosine between rating vectors. 

Rating Item1 Item2 Item3 Item4 Item5 

User1 5 2 3 1 4 

User2 3 5 2 4 1 

User3 1 3 2 5 4 

User4 2 1 5 2 3 

Table 1: A sample of user-item rating matrix 

Algorithm 

There are many algorithms that can be used to create item 

clustering. In this paper, we choose the k means algorithm 

as the basic clustering algorithm. The number k is an input 

to the algorithm that specifies the desired number of 

clusters. Firstly, the algorithm takes the first k items as the 

centers of k unique clusters. Each of the remaining items is 

then compared to the closest center. In the following passes, 

the cluster centers are re-computed based on cluster centers 

formed in the previous pass and the cluster membership is 

re-evaluated. 

Specific algorithm as follows: 

Input: clustering number k, user-item rating matrix 

Output: item-center matrix 

Begin 

Select user set U={U1, U2, …, Um}; 

Select item set I={I1, I2, …, In}; 

Choose the top k rating items as the clustering 

CI={CI1, CI2, …, CIk}; 

The k clustering center is null as c={c1, c2, …, ck}; 

do 

for each item Ii∈ I 

for each cluster center CIj∈CI 

calculate the sim(Ii, CIj); 

end for 

sim(Ii, CIx)=max{sim(Ii, CI1), sim(Ii, CI2), …, 

sim(Ii, CIk); 

cx=cx∪ Ii 

end for 

for each cluster ci∈ c 

for each user Ij∈ I 

CIi=average(ci, Ij); 

end for 

end for 

while (CU and c is not change) 
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End 

We use the pearson’s correlation, as following 

formula, to measure the linear correlation between two 

vectors of ratings as the target item t and the remaining item 

r. 

Sum (t,r)=∑ (      )  (      )  ∑ (     
   

 
   

  )  (      )  

Where Rit is the rating of the target item t by user i, 

Rir is the rating of the remaining item r by user i, At is the 

average rating of the target item t for all the co-rated users, 

Ar is the average rating of the remaining item r for all the 

co-rated users, and m is the number of all rating users to the 

item t and item r. 

2) Selecting Clustering Centers 

An important step of item based collaborative filtering 

algorithm is to search neighbors of the target item. 

Traditional memory based collaborative filtering is to search 

the whole ratings database and it suffers from poor 

scalability when more and more users and items are added 

into the database. When we cluster the items, we get the 

items centers. This center is represented as an average rating 

over all items in the cluster. So we can choose the target 

item neighbors in some of the item center clustering. We use 

the Pearson’s correlation to the similarity between the target 

item and the items centers. After calculating the similarity 

between the target item and the items centers, we take the 

items in the most similar centers as the candidates. 

3) Selecting Neighbors 

After we select the target item nearest clustering centers, we 

also need to calculate the similarity between the target item 

and items in the selected clustering centers. We select the 

Top K most similar items based on the cosine measure, as 

following formula, which looks at the angle between two 

vectors of ratings as the target item t and the remaining item 

r. 

sum(t,r)=∑         
     ∑      ∑      

   
 
    

Where Rit is the rating of the target item t by user i, 

Rir is the rating of the remaining item r by user i, and m is 

the number of all rating users to the item t and item r. 

VI. PRODUCING RECOMMENDATIONS 

Since we have got the membership of item, we can calculate 

the weighted average of neighbors’ ratings, weighted by 

their similarity to the target item. The rating of the target 

user u to the target item t is as following: 

Put=∑        (   ) ∑    (   ) 
   

 
    

Where Rui is the rating of the target user u to the 

neighbour item i, sim(t, i) is the similarity of the target item 

t and the neighbour it user i for all the co-rateditems, and m 

is the number of all rating users to the item t and item r. 

VII. EXPERIMENTAL EVALUATION 

To evaluate the accuracy of ClubCF, Mean Absolute Error 

(MAE), which is a measure of the deviation of 

recommendations from their true user-specified ratings, is 

used in this paper. As Herlocker et al. [36] proposed, MAE 

is computed as follow:  

MAE = ∑ |     (     )|   
    

In this formula,   is the number of rating-prediction 

pairs,   , is the rating that an active user    gives to a 

mashup service   , (  ,) denotes the predicted rating of    

for   .  In fact, ClubCF is a revised version of traditional 

item-based CF approach for adapting to big data 

environment. Therefore, to verify its accuracy, we compare 

the MAE of ClubCF with a traditional item-based CF 

approach (IbCF). 

For each test mashup service in each fold, its 

predicted rating is calculated based on IbCF and ClubCF 

approach separately.  The mashup services published on 

ProgrammableWeb focus on six categories which labeled 

with keywords: “photo”, “google”, “flash”, “mapping”, 

“enterprise”, and “sms”. Therefore, without loss of 

generality in our experiment, the value of 𝐾, which is the 

third input parameter of Algorithm 1, is set to 3, 4, 5, and 6, 

respectively. Furthermore, rating similarity threshold 𝛾 is set 

to 0.1, 0.2, 0.3 and 0.4. Under these parameter conditions, 

the predicted ratings of test services are calculated by 

ClubCF and IbCF. Then the average MAEs of ClubCF and 

IbCF can be computed by the above formula .  There are 

several discoveries as follows. While the rating similarity 

threshold 𝛾 < 0.4 , MAE values of ClubCF decrease as the 

value of 𝐾 increases. Since services are divided into more 

clusters, the services in a cluster will be more similar with 

each otherWhen   < 0.4, MAE values of ClubCF and IbCF 

both decrease as the value of 𝛾 increases. It is due to that the 

neighbors will be more similar to the target service when the 

value of 𝛾 increases. It also results in the predicted ratings of 

target services computed according to the history ratings of 

the neighbors are approximate to their actual value.When   < 

0.4, MAE values of ClubCF are lower than IbCF. In 

ClubCF, services are first clustered according to their 

characteristic similarities. And then rating similarities are 

measured between services in the same cluster. Since ratings 

of characteristic-similar services are more relevant with each 

other, it is more accurate to compute rating similarities 

between services in the same cluster. And the neighbors 

chosen based on the rating similarities are more similar to 

the target services. Consequently, the predicted ratings of 

the target services will be more precise than that of IbCF 

 
Fig. 1: Clustering Centers 

VIII. CONCLUSION 

In this paper, we present a clubCF approach for e-commerce 

applications relevant to recommendation services. Before 

applying CF algorithm, All the services are grouped into 

smaller cluster based on the characteristic similarities. Then 

CF algorithm is applied on the any one of the cluster. 

Compared to other approaches this approach can’t take long 

input and dependence node. So, the computation time is less 

then other approaches. Future research can be done in two 
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areas. First, in the respect of service similarity, semantic 

analysis may be performed on the description text of 

service. In this way, more semantic-similar services may be 

clustered together, which will increase the coverage of 

recommendations. Second, with respect to users, mining 

their implicit interests from usage records or reviews may be 

a complement to the explicit interests (ratings). By this 

means, recommendations can be generated even if there are 

only few ratings. This will solve the sparisity problem to 

some extent. 
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