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(Table 1) Criterion on user attribute identification
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Behavior P ’ usage, searching
. product preference, .
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(Figure 2) Part of site preference profile
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Gender | Age | Occupation | Location | Marrige School

user 5 Female | 23 Student Secul high-school

user 9 Male 49 | Publicofficial Ulsan university

user 66 Male 54 | Self-employed | Kyungsang high-school

user171 | Female | 21 Student Kyungsang high-school

user 252 Male 35 | Publicofficial Seoul university
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user405 | Female | 18 Student Jeonra middle-school

(Figure 3) Part of demographic profile
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(Figure 6) Process of ensemble
methodology 1
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[Combined profile]

user 9 1 0 0 0.093 0.059 0.430 Female 3 student

userl? 1 1 1 0001 0323 0 Male 43 public
offcial

user 81 0 0 0 0.280 0.028 0 Male 54 self-
employed

user 134 0 1 0 0.001 o 0.001 Female u student
user 287 0 0 0 0.216 0.253 0.198 Male 35

public
offical

userd02 0 0 0 0.027 0.315 Female 18 Student

user2 user 3 user 4 user 5

userl 0.0333 0 04221 0.0931

user2 ] 0 0.1922 0.0019

user3 01777 00333 0.0010 0.2803

userd. 03114 | 0155 | 00333 0.0011

(Figure 7) Example of ensemble methodology 1
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Abstract

A Multimodal Profile Ensemble Approach to
Development of Recommender Systems Using
Big Data

Minjeong Kim* + Yoonho Cho**

The recommender system is a system which recommends products to the customers who are likely
to be interested in. Based on automated information filtering technology, various recommender systems
have been developed. Collaborative filtering (CF), one of the most successful recommendation algorithms,
has been applied in a number of different domains such as recommending Web pages, books, movies,
music and products. But, it has been known that CF has a critical shortcoming. CF finds neighbors whose
preferences are like those of the target customer and recommends products those customers have most
liked. Thus, CF works properly only when there’s a sufficient number of ratings on common product from
customers. When there’s a shortage of customer ratings, CF makes the formation of a neighborhood
inaccurate, thereby resulting in poor recommendations. To improve the performance of CF based
recommender systems, most of the related studies have been focused on the development of novel
algorithms under the assumption of using a single profile, which is created from user's rating information
for items, purchase transactions, or Web access logs. With the advent of big data, companies got to collect
more data and to use a variety of information with big size. So, many companies recognize it very
importantly to utilize big data because it makes companies to improve their competitiveness and to create
new value. In particular, on the rise is the issue of utilizing personal big data in the recommender system.
It is why personal big data facilitate more accurate identification of the preferences or behaviors of users.

The proposed recommendation methodology is as follows: First, multimodal user profiles are created
from personal big data in order to grasp the preferences and behavior of users from various viewpoints.
We derive five user profiles based on the personal information such as rating, site preference, demographic,

Internet usage, and topic in text. Next, the similarity between users is calculated based on the profiles and
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then neighbors of users are found from the results. One of three ensemble approaches is applied to calculate
the similarity. Each ensemble approach uses the similarity of combined profile, the average similarity of
each profile, and the weighted average similarity of each profile, respectively. Finally, the products that
people among the neighborhood prefer most to are recommended to the target users.

For the experiments, we used the demographic data and a very large volume of Web log transaction
for 5,000 panel users of a company that is specialized to analyzing ranks of Web sites. R and SAS E-miner
was used to implement the proposed recommender system and to conduct the topic analysis using the
keyword search, respectively. To evaluate the recommendation performance, we used 60% of data for
training and 40% of data for test. The 5-fold cross validation was also conducted to enhance the reliability
of our experiments. A widely used combination metric called F1 metric that gives equal weight to both
recall and precision was employed for our evaluation. As the results of evaluation, the proposed
methodology achieved the significant improvement over the single profile based CF algorithm. In particular,
the ensemble approach using weighted average similarity shows the highest performance. That is, the rate
of improvement in F1 is 16.9 percent for the ensemble approach using weighted average similarity and
8.1 percent for the ensemble approach using average similarity of each profile. From these results, we
conclude that the multimodal profile ensemble approach is a viable solution to the problems encountered
when there’s a shortage of customer ratings.

This study has significance in suggesting what kind of information could we use to create profile
in the environment of big data and how could we combine and utilize them effectively. However, our
methodology should be further studied to consider for its real-world application. We need to compare the
differences in recommendation accuracy by applying the proposed method to different recommendation

algorithms and then to identify which combination of them would show the best performance.

Key Words : Big Data, Recommender System, Collaborative Filtering, Multimodal Profile, Ensemble
Methodology
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