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ABSTRACT

With the extreme development of Internet, recently most users refer the sites with the various Recommendation Systems
(RSs) when they want to buy some stuff, movie and music. However, the possibilities of the Sybils with the malicious behaviors
may exists in these RSs sites in which Sybils intentionally increase or decrease the rating values. The RSs cannot play an
accurate role of the proper recommendations to the general normal users. In this paper, we divide the given rating values into
the stable or unstable states and propose a system information based recommendation algorithm that minimizes the malicious
user’s influence. To evaluate the performance of the proposed scheme, we directly crawl the real trace data from the famous
movie site and analyze the performance. After that, we showed proposed scheme performs well compared to existing algorithms.
Keywords: Recommendation system, Sybil, Social network
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rating 2 I, | o) Ix2 coe N2

I2,m(2)
Kmx) | oo | INmN)
rating K T.m(1)

Fig. 1. Matrix with the rating values, (Rkxn)

Table 1. Notations

Notation Description
N The number of items
ix The xth item
I'myn Rating value for item n and user m
i(x,mean) Mean of item n
i(x,sTD) Standard deviation of item n
The total number of rating values of the
m(x) .
item x
Rating matrix consist of user M and
R .
item N

2.2 7| &4

Bzl oA Alee} Boby AlelE FWsly] 98
e 2 ole|dESY W (Avg) FH EFHA
(Standard deviation, STD)7} ZLs3lt}. %7]

AR oldd 27 Es AAE o] BES

T3p7] SlsiA 7 ofolwlEe] A WAl A tA7}
A9l ke olfsled o] wmweldE t2 V1R
(BASE COUNT)elztar A<jslir}.

Z7] AA(Fig.2)olAd= 1elA43E N7kx|9 o}
o€l ol el 7t ofolele] A WAl HAH |
BASE COUNT ®A9] 34| He ol8dt] 7
ofoldle] 27| A7 7] RFEAAE T}

Input: Rkxy, BASE COUNT

Outputl i(l,mcan)‘ i(2,mcan)‘ e, 1(N,mean)

ia.sTD), i2.8TD), ... , IN.STD)

1 for x=1 to N do

2 Calculate the average and STD of the
item x from the first rating value to the
BASE COUNTth rating values

3 end

Fig. 2. Initializations
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Input: Rkw, BASE COUNT
i(1.mean), 1(2.mean), ... , 1(N.mean)
i(1.8TD), i(2,8TD), , 1(N.8TD)

Output: RomunKxN

1 forx =1 to N do

2 {

3 fory =1tomx do

4 |

5 5= T-’z,y._i(:ﬂy’nmun)

Y(z,8TD)

6 ifz<{-1.0orz)»1.0

7 {

8 Delete ryy

9 }

10 Calculate iemean), isto) by rating
from 1 to rating y

11}

12 )

Fig. 3. Algorithm for the analysis of the rating
values per each item whether it is stable state
or not
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Table 2. Dataset information of the proposed
scheme

Name #items #ratings rating scale

Naver-movie 1,362 54,561 {1,2,...,10}
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Fig. 4. The ratio of the unstable states
according to the number of rating values
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Fig. 5. Experiment Scenario
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Fig. 6. The comparison of the performance
between the proposed scheme and the previous
work
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