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Abstract: With the growth of E-commerce, the development of recommender systems is helpful for users to

select desirable products from all kinds of them. The existing e-commerce recommender approaches are based on

a user’s preference on music. However, sometimes, it might better meet users’ requirement to recommend

products according to emotions. In order to deal with them, a novel framework model for emotion-based e-com-

merce recommender systems is proposed. The core of the recommender system is the construction of the product

vs customer emotion model by two-dimensional overlap spaces, which plays an important role in conveying emo-

tions in products. Then the product feature extraction and propose some related matching algorithms for the con-

struction of product vs customer emotion model is researched. The system model, data structures and so on are

given in our paper. At last, experimental and analytical result shows the proposed emotion-based music recom-

mendation achieves higher accuracy and faster retrieval speed.
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INTRODUCTION

E-commerce has been growing rapidly, keeping pace
with the Web. Its rapid growth has made both companies
and customers face a new situation. Whereas companies
find it harder to survive due to more and more competition,
the opportunity for customers to choose among more and
more products has increased the burden of information pro-
cessing before they select which products meet their needs
As a result, the need for new marketing strategies such as
one-to-one marketing and customer relationship management

(CRM) has been stressed both by researches as well as by
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practitioners. One solution to realize these strategies is a
e-commerce recommendation that helps customers to search
the products they would like to purchase by producing a list
of recommended products for each given customer.

During the past decade, most research on recommender
systems has focused on three areas'™ ; (1) how to design
algorithms that, given the past preferences of users, will
make useful recommendations; (2)how to gather the infor-
mation on user preferences as conveniently and unobtrusively
as possible, and this issue runs the gamut from user inter-
face research to marketing science; (3 ) privacy issues:

how to combine the information gathered from a group of
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users to the advantage of an individual user, without divul-
ging information about other users. And based on how rec-
ommendations are made, recommender systems are usually
classified into the following three categories "7’

Content-based recommendations: Recommendations
are provided by automatically matching a customers interests
with items”contents. Items that are similar to ones the user
preferred in the past are now recommended. Notice that rec-
ommendations are made without relying on information pro-
vided by other customers, but solely on items’ contents and
users’ profiles. News-Weeder applied this method to build
a net-news filtering system. Other applications include Tap-
estry, Info-Finder, Mooney, and so on.

Collaborative filtering: Recommendations are made for
items that people with similar tastes and preferences liked in
the past. This technique is widely used and is the preferred
method for personal recommendation. Many systems, such
as Amazon. com; Linden, Smith, and York, Sarwar; Sar-
war, Karypis, Konstan, and Riedl, Hofmann, and they
have adopted this technique.

Hybrid approaches: These approaches combine collab-
orative and content-based methods. Fab is a hybrid content-
based, collaborative webpage recommender system that
eliminates many handicaps of the pure versions of either
approach. According to the classification scheme proposed
by Adomavicius & Tuzhilin, hybrid recommender systems
can be divided into four categories: (1) implementing col-
laborative and content-based methods separately and combi-
ning their predictions, (2 ) incorporating some content-
based characteristics into a collaborative approach, (3)
incorporating some collaborative characteristics into a con-
tent-based approach, and (4) constructing a general , unif-
ying system that incorporates both collaborative and content-
based characteristics.

But few kinds of olds are real-time, because they can
not detect customers’ real operation behavior including
mouse, keys and so on. In this paper, we present a novel
E-commerce recommendation system called RSER ( Recom-
mender system model based on Emotion Recognition). The
rest of the paper is organized as follows. Section 2 makes a
summary of traditional models and gives a distributed
E-commerce recommendation model. In section 3, an emo-

tion-based algorithm is given and its application is pro-

posed. And in section 3, the message and data structures of
RSER are given. Then its work flow is described in detail.
Simulation results will be given in section 4. At last, sec-

tion 5 concludes the paper.
1 SYSTEM MODEL

To sum up, old recommender system models have sev-
eral described as following. (1) Some system models can
not deal with real-time data by reason of historical data min-
ing. (2) Shopping data can record customers’ partial tend-
ency and lost their spot data including feeling, sense and so
on. In order to deal these problems, we propose a novel
system model based on emotion discovery. As following, the
main idea and its work flow are given.

Early, the most obvious commercial application of
emotion sensitive systems is the game and entertainment
industry with either interactive games that offer the sensation
of naturalistic human-like interaction, or pets, dolls and so
on that are sensitive to the owner’ s mood and can respond
accordingly. Finally, owing to the shared basis of human
emotion recognition and emotional expression, understand-
ing and developing automatic systems for emotion recogni-
tion can assist in generating faces and/or voices endowed
with convincingly human-like emotional qualities. This can
in turn lead to a fully interactive system or agent that can
perceive emotion and respond emotionally. This would
thereby take human - machine interaction a step closer to
human-human interaction. Another use of an emotion-sensi-
tive system could be to embed it in an automatic tutoring
application. An emotion sensitive automatic tutor can inter-
actively adjust the content of the tutorial and the speed at
which it is delivered based on whether the user finds it bor-
ing and dreary or exciting and thrilling or even unapproacha-
ble and daunting. But all these applications need special
equipments to recognize customers’ emotion, including mike
camera and so on. So e-commerce servers can’t ask their cus-
tomers to buy these. Then we proposed a novel emotion rec-
ognition method, which can classify emotion with usual 1/0
equipments such as keyboards and mousse. And our recom-
mender system model can be figured with Fig. 1.

In the model, some traditional modules are utilized to
implement recommender systems, such as Product OLTP

and Data mine, Commerce Statistic and On-line DB. And
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the customer emotion recognition and matching modules are

the cores of the system model with related algorithms.
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In the addition, the system work flow can be described
as following.

(1) The first phase is a customer emotion-history pro-
filing step, where product bought by a customer in the past
is segmented into different clusters by recommendation pro-
cessing modules. And related information is committed into
these sub-DBs of E-commerce basic information DB, inclu-
ding transaction data and so on. And online customer emo-
tion collection module is the core of the phase, which can
monitor and recognize the emotion data of online customers.
Further, the emotion data will be sent to the emotion and
recommendation processing module.

(2) Some real-time information, including 1/0 opera-
tion frequency, customer retrieval and search items, can be
classified and saved into the on-line DB, which provides
transaction information and emotion features to the system.

(3) B/C OLTP and Data mine module integrates
E-commerce basic information and real-time transaction
information into recommendation items, including customer
At last,

and related product information. the module can

find the relation between customers’ historic record and
product feature data, which can be provided to recommen-
dation processing modules.

(4) Recommendation processing module, as our

system core, integrates all kinds of data. And some related

algorithms can be executed to recommend product items by
it. Furthermore, the algorithms will search customer-prod-
uct matching metrics. Then the module can provide recom-
mendation lists, including customer items and interested
product items. Also according to customer information, it
can automatically choose specific methods to recommend.
Through E-commerce push communication, related informa-
tion can be transferred to the customers.

(5) Recommendation implementation modules ( Push
communication module) , composed of Email, Note, and so
on, can be bidirectional sub-module. Mainly, it can recom-
mend product items to customers. Subsequently, the new
product features are presented to it and the preference value
that the customer possibly has for the new product can be
predicted by the generalization inference ability of intelligent
algorithms. And through other modules, the preference pre-
diction values for all new products are ranked and the top-n
items with the highest values will be recommended to the
customers.

Note that our model can be extended for other recom-
mender systems with little modification. And also, crazy
agent colony algorithm can be utilized to replace other con-
tent-based recommendation algorithms in the system mod-

els. And the details of them can be described as following

sections.

2 KEY TECHNOLOGIES

In the section, the main idea, model, data structures,
and implementation models are given for related algorithms.
2.1 Main Idea and Model

Our system model can utilize three kinds of agents to
deal with the recommendation problem. The first is a scout
agent, which can be dispatched to collect the attracting
trends of new recommendation products. The others are a
band of carrier agents, which are sent to find recommenda-
tion products for customers. And the lasts are some sales-
man agents, which randomly recommend AD products to
customer. And all kinds of agent models are described as
following and showed in . figure 2.

With historic information about customer interests,
scout agents can begin from B/C OLTP and Data mine mod-

ule, and go to E-commerce Basic DB through transaction

statistics module. In their journeys, they collect and classify
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new customer interests. After enter into the E-commerce

basic DB, they can use customer interest items as phero-
mone, which will be labeled on all kinds of products to rec-
ommend. Then, they come back the B/C OLTP and Data
mine module with product attracting trends. At last, the
agents find and label the relationship between products and

customer trend. And primary pheromone has put on the

products items for recommendation.
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Figure 2. Emotion VS Product model

Carrier agents begin from the recommendation process-
ing module (formicary), when some registered customers
enter into the system. And each agent will serve for a regis-
tered customer. Also, they can collect and find the person-
alized customer’ s interests. As enjoyment information, all
interests will be utilized to match the pheromone of product,
when these agents enter into the E-commerce Basic DB.
After collecting enough recommendation product informa-
tion, the agent leaves back to their formicary and label
pheromones on product items. When through the on-line
DB, they will update the related information of equivalent

customers. At last, they return to the formicary, and push

recommendation product items to customers.

Salesman agents begin from the recommendation pro-
cessing module (formicary) , after some un-registered cus-
tomers enter into the system and browse some product
items. And each agent will serve for an un-registered cus-
tomer, with their personalized information collected by
salesman agents. Also, they can collect and find the
un-registered customer’ s interests from customers’ browsing
sequences. As enjoyment information, all interests will be
utilized to match the pheromone of product, when these
agents enter into the E-commerce Basic DB. After collecting
enough recommendation product information, the agent
leaves back to their formicary and label pheromones on
product items. When through the B/C OLTP and Data mine
module, they will update the information of equivalent prod-
ucts. At last, they return to the formicary, and push recom-
mendation product items to customers.

2.2 Emotion VS Products

In our works, emotion recognition is utilized in e-com-
merce servers and clients. Thus complicated 1/0 equip-
ments such as photographs and physiological sensors can’ t
be used by customers. And emotion recognition is imple-
mented through detecting the frequencies and intensities of
client I/0 operations including boards and mouse. As some
previous work , the emotions of RSER are featured by: a
triggering event; a intensity proportional to the level of acti-
vation; an activation threshold; a list of hormones which are
released when the emotion is active ; and a list of physiologi-
cal manifestations. The subset of discrete categories corre-
sponding to primary”emotions is:

(1) Anger; a mechanism to block the influences from
the environment by abruptly stopping the current situation.

(2) Boredom: A mechanism to stop inefficient behav-
iors that does not contribute to satisfy any of the creatures
needs.

(3) Happiness. This mechanism on the one hand, it
is a form of re-equilibration triggered by the achievement of
a goal, and on the other hand, it is an attachment mecha-
nism triggered by the presence of a customer’ s action.

(4) Sadness. Mechanism to stop an active relation
with the environment when the creature is not in a condition

to get a need satisfied.

According to the previous work, our emotion space can
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be consisted of the above states. And the four basic emo-
tions can be referred as respective positive/inverse direc-
tions; Sadness >X-axis positive direction; Anger > X-axis
inverse direction; Happiness > Y-axis positive direction;
Boredom Anger > X-axis inverse direction. Then a custom-
er’ s emotion state can be described as a vector, whose
length can be regarded as the emotion’ s intensity. In order
to match each other and product features, all intensities are
be standardized between 0 and 1. And all angles of emotion
states are limited to O to 360.

In order to match emotion and products, our system
model must superpose them into a two-dimensional feature
space. And like emotions’ , product features be described
as vectors. Then these vectors can be distributed into the
two-dimensional feature space. Furthermore, a product’ s
features may be distributed into several agents and matched
respective emotion states. For an example, ice cream can
be described as ‘ cold sweet tasty’ . Thus it can calm down
anger and please a customer. So its features will be distribu-
ted into two agents. When an angry or happy emotion state
enters the space, ice cream will be matched with it. On the
other hand, a novel product will be analyzed as a collection
of respective feature, which can be matched with related
emotions. And the two-dimensional feature space structure

can be illustrated the figure 2.

3 SIMULATION RESULTS

The proposed system was compared with a traditional
CF system and the random recommendation based on the
same 200 item recommendation size. The traditional CF sys-
tem includes the static customer profile establishing, cus-
tomers clustering, and top-N items recommendation as
shown in Fig. 3. The random recommendation on product
categories and product items was performed 10 times, based
on the same recommendation size used in the proposed sys-
tem.

Figure 3 shows that RSER can provide personlized
purchse options to customers. Thus the sale is more with
RSER than with the CF system.

Figure 4 shows that RSER can make the system attract
more consumers’ attention than the CF system does. And in
each simulation group, consumers spend more time in AD

webs with RSER than without it. The performance of each

system is evaluated in terms of recommendation precision,
which measures the percentage that products recommended
to a customer are actually liked by the customer. And the
simulation results show the delays, when comsumer browse
the recommended products. Futhermore, RSER can
increase E-commerce turnovers. And the simulation results
show the turnovers have been more about 10% than before.
This can be explained by the unique properties exhibited by
the RSER system such as user profile with multiple inter-
ests, adaptability to customer interest changes and the good

robust learning and generalization inference ability exhibited

by three kinds of agents.
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Figure 4. Simulation result2

4 CONCLUSION

In this paper, we propose a RSER recommender sys-
tem system to help e-commerce websites provide better per-
sonalization service for their customers. The experimental
results show that the our recommendation system is superior
to the befores. In addition, the system should be applied to
a real e-commerce environment where customers give their

actual ratings to products for validating its practical effect.

REFERENCES

[1] Calvo R A,D Mello S.Affect detection:an interdiscipli-
nary review of models,methods,and their applications[J].
IEEE Transactions on Affective Computing,2010,1(1):
18-37.

[2] Balahur A, Hermida J M, Montoyo A. Building and

exploiting Emoti-Net,a knowledge base for emotion de-



5 26 %% 2 81 WANG Zheng et al :RSER: A Recommender System Based on Emotion Recognition methods

47

(3]

[5]

(1. BEMEXFEFEEIRFR, R 611130; 2. AL BB X FECABEIRFIT,

tection based on the Appraisal Theory Model[J].IEEE
Transactions on Affective Computing,2012,3 (1): 88-
101.

Koelstra S,Muhl C,Soleymani M,et al. DEAP: A data-
base for emotion analysis using physiological signals[J].
IEEE Transactions on Affective Computing,2012,3(1):
18-31.

Soleymani M, Lichtenauer J, Pun, et al. A multimodal
database for affect recognition and implicit tagging[J].
IEEE Transactions on Affective Computing,2012,3(1):
42-55.

Salichs M A,Malfaz M. A new approach to modeling
emotions and their use on a Decision-Making system
for artificial agents[J].IEEE Transactions on Affective
Computing,2012,3(1):56-68.

Lee-Johnson C P,Carnegie D A.Mobile robot navigation
modulated by artificial emotions[J]. IEEE Transactions
on Systems, Man,and Cybernetics, Part B: Cybernetics,
2010,40(2):469-480.

(7]

(8]

(9]

Sobol-Shikler T,Robinson P. Classification of complex
information: inference of Co-occurring affective states
from their expressions in speech[J].IEEE Transactions
on Pattern Analysis and Machine Intelligence,2010.32
(7):1284-1297.

Metallinou A,Wollmer M,Katsamanis A,et al. Context-
Sensitive learning for enhanced audiovisual emotion
classification[J]. IEEE Transactions on Affective Com-
puting,2012,3(2):184-198.

Frantzidis C A,Bratsas C,Papadelis C L,et al. Toward
emotion aware computing: an integrated approach using
multichannel neurophysiological recordings and affective
visual stimuli[J]. IEEE Transactions on Information

Technology in Biomedicine,2010,14(3):589-597.

[10] Shen Liping, Callaghan Victor, Shen Ruimin. Affective

e-Learning in residential and pervasive computing en-
vironments[ J ]. Information systems frontiers,2008,10

(4):461-472.

ETRRAANTENHERF RS

AR, KRR

o EMALTAFWHERAR, EFLFACRAT REFAFLZARNELLA,
WHT M TEP DI mE P 0T, R EZY 0B F AN R

Z i Kk 163318)

B W R G F T 4
SR A AL, B T —

Aoy A TEPFPHROEF AL, L HETZAAWER RBELENEF, ZAGROBCARRFRER S EMER, 5%
iR, LR A R ARSOIEGHEMRE LR E,

KB R B R KA





