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Abstract
Mobile recommender system offers personalized and context-sensitive recommendations. Due to the
growing concern of IoT and M2M services, the recommender system for smart mobile devices is also
drawing attentions as the contemporary research issue. Unlike the traditional recommender system,
designing a mobile recommender system is complex because of the heterogeneity of data and required
to consider the spatial and temporal co-relations. In this paper, Ensemble learning based context
aware and personalized mobile recommender system is proposed for M2M content delivery service.
The proposed Ensemble learning composed of collaborative filtering, k-NN and association rule based
recommendation approaches. The prototype implementation and simulation results show lower error
rate and higher user satisfactions in recommended contents.

1. Introduction

users. Service-usage information is collected by
Monitoring System and is sent to Monitoring Handler.
On the other hand, traffic handler works as an adapter
to Service Providers Network Manager, which works to
flow control in scalable software-defined network.
The service recommendation engine receives the
real-time contextual data (e.g. content type) of smart
agents from traffic monitoring unit. enables serviceproviders to infer service usage from user’s. Based on
the contextual data of monitored data traffic the
ensemble algorithm based service recommendation
engine recommends contents to the smart agent.

A recommender system is an information filtering
system, which predicts the preferable contents, items
or services for intended users. Therefore, the mobile
recommender system offers recommendation services
in ubiquitous environment. There is numerous
recommendation options in M2M service delivery
network [1] e.g. time and location based optimal route
recommendation to vehicle drivers, spatiotemporal and
interest based restaurant and hotel recommendation to
travelers. The overall system for M2M service
management architecture is presented in Fig, 1.

2. M2M service Recommender System
The proposed ensemble recommendation method
is a hybrid recommendation policy, which combines
the
results
of
k-Nearest
Neighbor
(kNN)
recommendation
[2],
Association
Rule
(AR)
recommendation [3] and Collaborative Filtering (CF)
recommendation [4] as shown in Fig. 2. The
ensemble learning is designed through majority voting.
In
general
collaborative
filtering
based
recommendation system the items are recommended
by predicting the utility of items for a user based on
the items previously rated by other like-minded users.
To build such system we don’t need to know the
feature (i.e. x) values in advance to train the system.
Both of the feature values (x) and learning parameter
(, the pattern of COI) will be learned during the
training of the system through optimizing equation (1).
(i,j)
Where, y is the rating by user j on item i; Nu and Nm
is the number of user and items;  is the regularization

Figure 1. M2M network and service management framework

Smart-Agent enables user to subscribe to different
personalized services and to customize choices of
interest. Choices of interest mean environmental and
usage information, according to which serviceprovider will recommend service to user.
Monitoring and Traffic Handler collect monitoring
information and survey and real-time feedback from
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We found the optimized x and  by applying gradient
decent updates as in (2) and (3).
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AR is the association rule based recommender:
The items are recommended according to the usage
pattern of different users. The frequent item set is
determined based on the support (6) and confidence
(7) values and using the popular Apriori algorithm.
(6)

(𝐼𝑡𝑒𝑚𝑥 )
𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝐼𝑡𝑒𝑚𝑋 ) = 𝐶𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦
|𝑁𝑢 |
𝑋 𝑈 𝐼𝑡𝑒𝑚𝑌 )
𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒(𝐼𝑡𝑒𝑚𝑋 𝐼𝑡𝑒𝑚𝑦 ) = 𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝐼𝑡𝑒𝑚
𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝐼𝑡𝑒𝑚 )
𝑋

(7)

Ensemble collaborative filtering approach combines
the recommendations of different legacy collaborative
filtering approaches for better group decision making
as well as of better recommender system. We apply
majority voting to select the list of best recommended
items following head to head consensus counting.
The pseudocode of ensemble recommendation system
is presented in Algorithm 1.

Algorithm 1: Ensemble-recommendation ()
Get the set of items recommended by k-NN-recommender,
P = k-NN_recommender()
Get the set of items recommended by AR-recommender,
R = AR_recommender()
Get the set of items recommended by CF- recommender,
T= CF_recommender()
Q{ q 1 , q 2,· · · , q p }= P  R  T
Initialize recommend
Do
For each si the member of different items set S i.e.{s 1 ,s2 ,···, s M }
C si =0
For each q j of the element of set Q{ q 1 , q 2,· · · , q p }
If (si = = q j )
C si =C si +1
End If
End for
|s i| = Csi
End for
K=arg 𝑚𝑎𝑥𝑠𝑖 |𝑠𝑖 |

Fig. 2. M2M service Recommender

K-Nearest
Neighbor
(k-NN)
recommender
determines the similarity among the items according to
their ratings. The similarity among the items is
determined through Pearson’s correlation. After finding
k numbers of correlated items, it recommends feasible
items according to the predicted ratings.
k-NN Neighborhood formation phase: The similarity of
items i and j is computed as (4) using Pearson's
correlation coefficient:
𝑠𝑖𝑚(𝑖, 𝑗) =

∑𝑢∈𝑈(𝑟𝑢,𝑖 −𝑟̅𝑢)(𝑟𝑢,𝑗 −𝑟̅𝑢 )
2

2

(4)

√∑𝑢∈𝑈(𝑟𝑢,𝑖 −𝑟̅𝑢 ) √∑𝑢∈𝑈(𝑟𝑢,𝑖 −𝑟̅𝑢 )

I=IK
S =S \ K
recommend=recommend-1;
While (recommend)
Return I

Here, 𝑟𝑢,𝑖 is the rating of user u given to item i ; and
𝑟𝑢,𝑗 is the rating of user u given to item j ; and 𝑟̅𝑢
is
the average ratings of user u.
k-NN Recommendation phase: After computing the
similarity between items we select a set of k most
similar items to the target item and generate a
predicted value of user u's rating using (5).
𝑝(𝑢, 𝑖) =

∑𝑗∈𝐽 𝑟𝑢,𝑗 ×𝑠𝑖𝑚(𝑖,𝑗)
∑𝑗∈𝐽 𝑠𝑖𝑚(𝑖,𝑗)

where j is the set of k similar items and
rating of user u given to item j.

4. Performance Evaluation
We developed a test bed to evaluate the performance
of the proposed recommender system. In our test
environment, the traffic handler captures the traffic
from the contextual data of the smart agent and also

(5)
𝑟𝑢,𝑗 is the
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compare to state-of-the-art recommender system.
Fig. 4 shows the prediction error rate of AR, kNN, CF
and En are 29.41%, 27.94%, 28.82% and 15.58%
respectively. We also studied user satisfaction of 20
users on recommended 5 contents by different
recommender systems. We found higher user
satisfaction on the proposed Ensemble recommender
system as shown in Fig. 5.

the feedback from the agent.

3. Conclusion
Unlike the traditional recommender system the
proposed mobile recommender system is personalized
and context-aware. The smart agent application
received several types of recommended content in a
single platform based on user’s interest and context.
Although we tested it in M2M content delivery service
perspective, the proposed generic recommender
system is usable in some other M2M service
recommendations. The proposed Ensemble mobile
recommender system achieved lower prediction error
and higher user satisfaction in the developed M2M
network and service management framework.

Fig. 3. Smart agent prototype with recommended contents

The traffic handler module tracks the traffic from
the smart agent and stores the captured data to the
database. Based on the user data and users current
contextual data from the environment e.g. time, geolocation the ensemble learning algorithm sets the
policy for the recommended contents which will be
provided to the smart agent.
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