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Abstract - Group recommender systems generate a set 
of recommendations that will satisfy a group of 
customers with potentially competing purchase 
interests. This paper proposes a research and 
operational model which effectively enhances Group 
Recommender Model to boost the customer purchases. 
For this purpose, it uses the communication and 
collaboration of two major sources namely Mobile 
Money Operator and Outlet. MMO proactively 
monitors the spending pattern of the customers who 
make purchases using their mobile money. Outlet 
performs customer segmentation based on RFM 
(Recency, Frequency and Monetary) score after which 
a Recursive Cluster Elimination is performed that 
eliminates customers within the targeted segment. 
Recursive Frequent Itemset Mining and Recursive 
Market Basket Analysis are performed for the rest of 
customers in the targeted segment. From the obtained 
results, the product preferences of the remaining 
customers in the segment are identified based on 
which offers are formulated and recommended for the 
entire segment. It is then communicated to the MMO 
that intimates these offers to the potential customers 
among the segment. This model results in boosting 
customer purchases, expanding customer base and 
effects in the profitability of the combined source. 

Keywords: Customers; Mobile Money Operator 
(MMO); Outlet; Offers; Recursive Frequent Itemset 
Mining (RFIM); Recursive Clustering Elimination 
(RCE);  Recursive Market Basket Analysis (RMBA)  

I. INTRODUCTION 

The customer is the end goal of businesses since it is 
the customer who makes purchase and creates demand 
that helps in the growth of the business. So, customer 
satisfaction has been regarded as the crucial activity in the 
field of Marketing. Different customer groups have 
different consumption behavior. As the toll of high 
spenders and frequent shoppers has grown like topsy, the 
liabilities to meet the interests of these customers have 
increased rapidly. To explore the purchase interests of the 
customer, a Recommender System [1] that attempts to 
analyze a customer’s purchase history is employed so that 
offers for those specific products can be recommended to 

customers. When this recommender system is applied for 
a group of customers with similar purchase interest then 
this becomes a Group Recommender System. The 
important sources that connect customers with the system 
are described below.   

Mobile Money is a mobile financial service provided 
by the MMO that enables their subscribers to convert 
their liquid cash into e-money in order to pay bills and 
accounts, top up mobile credit and receive money across 
the country’s telecom networks [2]. The MMO stores all 
the transaction detail records of customers making 
purchases through mobile money over a period of time. 
The outlet is considered a place of business for retailing 
goods. These outlets store a wide range of datasets that 
contain the customer’s transaction and purchase details 
over a period of time. These datasets are used to evaluate 
and explore the offer recommendations to boost the 
customer purchases.  In the existing system, customers 
need to accustom to offers available for products that may 
not interest them but compromise on their choices just for 
the sake of saving their shopping expense.  

Our Group Recommender System evolves from a 
Personalized Recommender System that targets the 
customer group rather than an individual. This paper 
builds a system that is not only able to extract consumer 
behavioral features from their consumptive information, 
but also to analyze, operate and evaluate these extracted 
features with enhanced techniques such as Recursive 
Cluster Elimination, Recursive Frequent Itemset Mining 
and Recursive Market Basket Analysis. In this kind of an 
approach, the scope of product purchase will be limited 
since the items focused for offers and their MBA rely on 
these items.   

Generally, offers vary for each individual. When these 
offers are intimated individually, the cost for formulating 
offers and the time to perform the process increases 
making this approach a failure. Our contributions to the 
proposed work which enhances the traditional system are 
as follows: 

• We define a group recommender model as 
shown in Fig 1 for customers in the outlet that 
recommends offers to the group on the basis of the   
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Fig 1: Group Recommender Model for Boosting and Optimizing Customer Purchases 

purchase interests of the most potential customers in that 
group. 

• We establish a link between two different 
sources namely MMO and Outlet that connects customers 
with the enticing offers for their product preferences. 

• Frequent Itemset Mining and Association Rule 
Mining for customers within the targeted cluster is 
performed using a platform called HPCC (High 
Performance Computing Cluster) [3] which serves as a 
massive parallel-processing computing platform. 

• We perform K-Means Clustering using Weka [4] 
and Market Basket Analysis using HPCC recursively to 
come out with an enhanced and efficient result that 
recommends offers not only for their product preferences 
but also for the items correlated with those products. This 
enhances the purchase behavior that was prevalent in 
Individual Recommender System and produces better 
results. 

This paper is organized as follows: the following 
section presents the overview of the existing work in this 
system. Later, we describe about the varied techniques 
adopted in this paper. Subsequently, we elucidate the 
experimental analysis of the dataset used in our model. 
Finally, we conclude with the implications of our 
proposed research model.   

II. RELATED WORK 

The major part of the research on group 
recommendation investigated the core algorithms used for 
generating the group recommendations. Different 
strategies are available and two main approaches have 
been proposed [5]. The first consists of creating a joint 
user profile for all the users in the group and then 
performing a recommendation for this artificial user 
represented by the group profile [6] [7]. This would 
provide a recommendation for the group that is based on 

all user profiles and in some way represent group interests 
mediated in the group profile. The second approach 
aggregates the recommendations for each individual 
member into a single group recommendation list [8]. 

One of the most commonly-used and successfully-
deployed recommendation approaches is collaborative 
filtering. In the field of collaborative filtering, two types 
of methods are widely studied: neighborhood-based 
approaches and model-based approaches. Neighborhood-
based methods mainly focus on finding the similar users 
[9] or items [10] for recommendations. Model-based 
methods provide item recommendations by first 
developing a model of user ratings [11].   

In our work we are concerned with recommendations 
to the entire group based on items purchased by potential 
members of the group. This does not incorporate the 
above mentioned approaches to promote 
recommendations. Here, the product preferences of the 
most potential customers are recommended for the entire 
group. The most potential customers (most loyal 
customers) have a good record of purchase history. When 
their items are recommended, there will be offers for 
myriad products and the scope of purchase can be 
improved significantly.       

III. BACKGROUND 

A. Group Recommender Model 

Recommendation is a particular form of information 
filtering, which exploits past behaviors and user 
similarities to generate a list of information items that is 
personally tailored to an end-user's preferences [12]. 
Recommender systems have traditionally recommended 
items to individual users, but there has recently been a 
proliferation of recommenders that address their 
recommendations to groups of users. Group 
recommenders are built to help groups of people decide a 

12991267



common activity or item. The recommendation for the 
group will in general be based on information about 
preferences of individual group members [13]. Therefore, 
some type of aggregation method is required, by which 
information about individual preferences is combined in 
such a way that the system can assess the suitability of 
particular items for a group as a whole [5].  
 

B.   Recursive Cluster Elimination 

Customer groups are formed according to customer 
behavior. RFM is behavioral model which considers past 
customer purchases [14] to prospect the future customer 
behaviors. The parameters Recency (R) defines the latest 
purchase made by the customer, Frequency (F) defines 
the number of purchases made within a certain period and 
Monetary (M) defines the money spent during a certain 
period. This paper involves the “User Definable Band” 
method to calculate RFM score that adds up the values of 
R, F and M values. Using this method, we can define 
specific bands for R, F, M that can be set based on certain 
criteria. Here the bands of R, F, M are measured in a scale 
of 1 to 5.This may vary from user to user. For example, if 
(last visit>=0 day and last visit<51 days), then R can be 
scaled as 5, if(number of transactions>=15), then F can 
be scaled as 5, if(Transaction Amount>=15000), then M 
can be scaled as 5.Similarly, the values 4 to 1for the 
parameters can be calculated. Now, a Partitioning 
Clustering technique called K-Means Clustering [15] is 
adopted to segment the customers in the outlet. The 
results of the clustering are obtained using a WEKA [4]. 
The K-Means clustering is a centroid based approach that 
accurately performs the clustering. Consider Fig 2 in 
which the (1) customer purchases in the outlet. (2) Using 
the stored purchase details, RFM score is calculated. (3) 
Customers (here n=15) in the outlet are clustered based 
on RFM value into three segments namely “High, 
Medium and Low”. This is considered as the first cluster 
step. Here, the centroids are chosen randomly based on 
RFM scores. It is then recalculated to get a modified 
centroid using which the scores nearest to the modified 
centroid is clustered in one group until no score switches 
clusters. After the first cluster step, (4) a particular group 
for which recommendation has to be made is targeted and 
(5) Recursive Cluster Elimination [16] is performed as 
shown in Section IV. In this case, the high cluster is being 
targeted. The RCE output holds only three most preferred 
customers as depicted in Fig 2. Here, by using RCE we 
are only eliminating the customers with low R, F scores 
within the high cluster rather than eliminating the whole 
of the low cluster. (6) The output of RCE is used as the 
input of RFIM – C4, C5, C6 customers are eliminated and 
C1, C2, C3 are most active within the targeted cluster. 

C. Recursive Frequent Itemset Mining 

The Frequent Itemset Mining is used to find frequent 
itemset present in a database. Apriori Algorithm [17] is 
designed to operate on databases containing transactions 
(For example, collections of items bought by customers). 
The input for this algorithm is derived from results of the 
FIM. Here, products which occur frequently are identified 

 
 Fig 2: Recursive Cluster Elimination 

and various scans are performed for it. This scan is 
nothing but the iterative search for products that occur 
frequently. This can be determined with a certain support 
count. In traditional FIM, the support count of an itemset 
X is defined as the number of transactions that contain X 
[18]. Products whose support count is below a certain 
threshold are pruned. Here, the frequent itemset scan is 
performed for products purchased by customers in   the 
preferred group and this is done recursively to find the 
most preferred products by them. Frequent item set 
mining leads to the discovery of associations and 
correlations among items in large transactional or 
relational datasets present in the outlet. 

D. Recursive Market Basket Analysis  

Association Rule Mining represents an unsupervised 
learning method that attempts to capture associations 
between groups of items. MBA has also been referred to 
in the literature as Association Rule Mining or Affinity 
analysis[19]. Apriori is a seminal algorithm for mining 
frequent itemsets and identifying associations for varied 
customer purchases. In this model, the customers are 
clustered in the outlet using RFM score as discussed in 
sub-section B of section III. The output of frequent 
itemset mining is taken up as input for the MBA. Then, 
the Market Basket Analysis [20] made for an individual is 
merged to perform a recursive MBA which represents the 
group recommendation using which offers can be 
correlated and intimated to the customers. Here, the offers 
are formulated on the basis of the results obtained from 
the RMBA which are then intimated to the customer’s 
mobile through MMO. 

IV. PROPOSED SYSTEM 

This section consists of establishing a relationship 
between Outlet, MMO and Customer to design the group 
recommender model. Sub-section A deals with the 
architecture of the proposed system and Sub-section B 
deals with the algorithm of proposed system by 
incorporating the K-Means, RFIM, RMBA techniques in 
our system. 
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A. Basic Architecture 

 
Fig 3: Overall Architecture of Proposed System 

    The above architecture consists of varied components 
represented in small rectangular boxes that are employed 
to build our group recommender system. Customers are 
the initiators of the model. They make purchase (1) in 
some outlet and make payment using their mobile money 
(2). The transaction details are logged in the MMO and 
purchase details are recorded in the outlet for future 
references. With those details as the base, the MMO 
performs the Spend Analyzer (3) to identify the domain in 
which a subscriber is interested in and it obtains the 
customer’s willingness for the service and stores it for 
future reference (4). The outlet also performs a purchase 
analyzer (5) that examines the customer’s purchase 
details and determines their distinct purchase interests. It 
clusters customer (6) and performs a frequent itemset 
mining recursively (7) to identify the product preferences 
of the customer. It also performs market basket analysis 
recursively (8) to find the product affinity and to 
formulate offers (9) for the group. Finally, the outlet 
communicates the offer details of the group to the MMO 
(10). The MMO performs potential customer verification 
(12) and notifies offers to customer group (13).  

Algorithm of Proposed System 

The algorithm for Recursive cluster elimination(1) has 
been designed to identify the most potential customers 
whose purchase records are used as a tool to recommend 
offers for the entire group. In this, the cluster step 
includes the customer segmentation in the outlet using K-
Means clustering based on RFM scores. The results are 
run on Weka in which the customers are segmented into 
three clusters. We cluster them into three categories as 
small number of segments can target a large number of 
customers. This saves cost, time and also ensures a 
greater probability of customers availing the offers. The 
next step targets a particular group from the three groups 
(high, low, medium). Using an incrementer i, the R, F, M 
values of each customer in that group targeted is checked 
for elimination. The threshold values for R and F are 
compared with the R and F values of each customer in 
that group. 

 

 

 

 

 

 

     

 

  

 

 

 

 

Here, the threshold values of R and F are considered 
because Recency and Frequency is very important for 
Loyalty based Marketing even though their monetary 
value might change from time to time. In this case, the 
threshold value for R(t1) and F(t2) may be set as 3 for a 
scale ranging from 1 to 5. This varies according to the 
user as already mentioned in section II. The customers are 
retained only if their R and F values are greater than the 
threshold values set. The other customers are eliminated 
within that group. Now, the purchase interests of these 
customers are analyzed and those items and their 
correlated items are recommended to the entire group. 
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2.  Algorithm for Recursive Association 

i - Number of customers within the group obtained from the 
result of RCE (1, 2, 3...N) 
Ci - Targeted customer 
n -Total number of products bought by Customer Ci 
Mij - Count of product j bought by Customer Ci in targeted 
cluster 
Ii - Frequent itemset for customer Ci 
AIi - Associated itemset for customer Ci 
t3 - Threshold support count for recursive frequent itemset 
mining 
t4 - Threshold support count for recursive association 

1.  Target a customer Ci from the result of RCE. 
2.  Identify the frequent itemsets Ii of Ci. 
3.  Also identify associated items AIi of Ci. 
 
for(j=1;j<n;j++){ 
if(Mij > t3) 
   Add to frequent itemsets Ii of Customer Ci  
  Identify corresponding associated itemsets AIi=I1 I2, I1, I3, I2 
I3, 
 I1 In.....>t4; 
   I=Ii; 
   AI=AIi; 
else  
Discard the product Mij  }  

1. Algorithm for Recursive Clustering 
 
Ci=customer in the outlet  
n=initial number of customers in targeted cluster. 
t1=Threshold value for Recency(R) 
t2=Threshold value for Frequency(f) 
i = incrementer 
 1. Cluster the customers C into k clusters c1, c2… ck using K-
means based on RFM scores (RFM score=R+F+M 
values)(Cluster Step). 
 2. Target a cluster from c1 to ck 
 3. Set threshold t1 and t2 
for(i=1;i<=n;i++) 
{ 
if(Ri >t1)and(Fi >t2) do 
 4. Retain the customer (Ci) in the target cluster 
else 
 5. Remove the customer(Ci)having low Ri,Fi values within 
the targeted cluster. (RCE step)  } 
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Frequent Itemset Mining (2) is applied to the purchase 
details of the customers retained in the targeted group 
obtained using RCE. Initially, the frequent itemset mining 
and the MBA for the individuals in the group is carried 
out. The customers from the output of Recursive Cluster 
Elimination are targeted and their corresponding frequent 
itemsets are considered. From these itemsets purchased by 
the customers the possible and the frequent combination 
of itemsets are identified by using the machine learning 
algorithm tools. From the available combination of 
itemsets the frequent itemset bought by the customers in 
the targeted cluster is identified and recursive market                                                 
basket analysis is made for them. The resulting 
combination of itemsets is recommended for the entire 
group which covers almost all the customers present in 
the targeted cluster. Here the thresholds t3 represent the 
summation of support count of maximum products 
present to the total number of products of each customer 
and t4 represent the average of total number of 
combination varieties of itemsets present. If the support 
count of every product is greater than the threshold value 
(t3) add the item to the frequent itemsets and identify their 
corresponding itemsets. The itemsets and the associations 
which are ranked below this threshold are eliminated. If 
the maximum combination of itemsets is greater than the 
threshold value (t4) that item is considered to be resultant 
itemset that covers the maximum number of customers 
present in the group. 

V. EXPERIMENTS AND DISCUSSIONS 
 

A. Data Set 

The data for the empirical study involves the 
customers’ purchase history stored in the outlet and their 
corresponding transaction detail records stored in the 
MMO for a period of one year. This study involves a in a 
simulated dataset containing the records of the customers 
single outlet and single MMO derived from a real dataset 
consisting of thousands of customers, hundreds of outlets, 
specific MMOs and lakhs of transactions. Due to the 
space constraints, we briefly outline the experimental 
results of our proposed system using the above result set. 

B. Comparison with other models 

Table 1 describes specific experimental comparison 
between our proposed system and other models. 

Inference: 

The above result set is obtained by carrying out 
experimentation in an outlet consisting of n customers 
(say n=100). Here, the customers are clustered into 3 
segments say High, Medium, Low by performing 
clustering using K-means. 

Case I: A particular customer is targeted from any of the 
segment and techniques such as FIM, MBA are carried 
out. The total time taken to formulate and send custom 
built offers to all customers in the outlet is 17 min 10 sec. 

Case II: Here, a whole segment is targeted and the 
techniques such as FIM, MBA are carried out recursively. 
By performing this, we can send custom built offers to the  

TABLE 1     EXPERIMENTAL COMPARISON 

CASES I II III 

MODEL Individual 
Recommender 

 

Group 
Recommender 

 

Group 
Recommender 

(Proposed 
System) 

TARGETS Individual Group Group 

CLUSTERING
(WEKA)  

0.02 sec 0.02 sec 0.02 sec 

FIM & MBA 
(HPCC) 

10 sec 11.36 min 42 sec 

RECURSIVE 
CLUSTERING

(WEKA)  
NO NO 0 sec 

RFIM & 
RMBA 
(HPCC) 

NO 25 sec 16 sec 

Summation 10.02 sec 12 min 03 sec 58.02 sec 

Total Time 
Taken in Outlet 

Outlet=n 
customers 

Say n=100, 

n*10.02 sec 

=17min 10 sec 

Clusters =k

Say k=3 

k*12 min 03 
sec 

=36min 15 sec 

Clusters =k 

Say k=3 

k* 58.02 sec 

= 3 min 20 sec 

 

customers in a particular segment targeted and total time 
taken to formulate and send offers to all the customers in 
the outlet is 36 min 15 sec. 

Case III:  Here, a whole segment is targeted and the 
techniques such as FIM, MBA are performed for the 
targeted cluster recursively. Next, the most potential 
customers within the targeted segment are identified by 
performing clustering recursively and similarly FIM and 
MBA are executed recursively. By adopting this kind of 
approach, we can send custom built offers to all the 
customers in a segment based on the  purchase interests of 
the most potential customers. The total time taken to 
formulate and send offers to all the customers in the outlet 
is 3 min 20 sec. 

     So by comparing the above cases, Case III performs 
clustering, FIM and MBA recursively and is considered 
the best since it is less time consuming and custom built 
offers are sent to many customers unlike the other cases. 

     The most potential customers’ purchase influences the 
purchase of the whole segment. When this model was 
carried out without RCE and with RFIM and RMBA, the 
same output was obtained. This kind of an approach time 
involved lot of complexities and time delay. The ratio of 
taken for the approach with (No RCE+ RFIM+ RMBA) to 
the approach with (RCE+RFIM+RMBA) was evaluated 
to 12:1. Since, the approach with (RCE+ RFIM+ RMBA) 
produced similar results in much lesser time; this is 
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regarded as the accurate method of recommending offers. 
This magnifies the purchase power of the customers and 
they can choose from a wide variety of products tagged 
with offers. The offers for the above mentioned products 
and the other products associated with it are 
recommended to the group. As shown in Fig 4, the final 
results of RFIM and RMBA for the products purchased 
by the most potential customers are P, O, E, D, B. The 
offers for these products are recommended to the whole 
targeted segment. By adopting this model, the execution 
time can be exponentially reduced and this makes our 
group recommender model unique compared to other 
models.     

 
Fig 4: RFIM and RMBA for most potential customers 

VI. CONCLUSION 
 

    Group Recommender Systems allow businesses to 
leverage their customer history to notify custom built 
offers to their customers. In this system, the customer’s 
spending pattern and buying behavior is monitored and 
examined based on which relevant offers are notified to 
the customer’s mobile. Here techniques such as Recursive 
Cluster elimination, Recursive Frequent Itemset Mining 
and recursive market basket analysis provide an enhanced 
and optimized result using which offers can be correlated 
and recommended to the customers via SMS. This can be 
achieved by the communication and collaboration of the 
two sources namely MMO and outlet. This kind of 
Product-associated recommendation allows businesses to 
respond to each customer's current interests and allow the 
natural associations among different products to guide 
customers to the right purchase. When such innovative, 
enticing ads for products and its corresponding 
associations are promoted from secured and legal 
organizations such as MMO, customers spare a thought to 
subscribe to this service which depends on the willingness 
of him/her. Loyalty based marketing approach is 
implemented where the customer base is expanded in the 
MMO and outlet. Rewarding the customers with valuable 
recommendations based on their input results in boosting 
their purchase which serves as a boon to the outlet in 
terms of revenue. 
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