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Independence Enhanced Recommender System by a Post-Process Approach
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We develop an independence-enhanced recommender system, which excludes specified information from its recommendation
results. Such a system is useful for maintaining neutrality of provided information. Our previous algorithm adopted an in-process
approach, enhancing recommendation independence while a prediction model is learned. In this paper, we develop a simple
algorithm by a post-process approach, in which recommendation independence is maintained after a standard recommendation

model is learned, and empirically examine this algorithm.
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F—=% ML1M Flixster Sushi
FIRE# 6,040 147,612 5,000
TA T L 3,706 48,794 100
STATiE % 1,000,209 8,196,077 50,000
¥ FFA A 3.58 3.61 1.27
WERTH K 7 20 5
EHIE T X =% 4 1 30 10
WIS X —% g 100 100 100




£2: KT —VEAN LT3 FREBEH L EEZD MAE L KS DZ1L

T ML1M Flixster Sushi
Year Gender Age Gender Seafood
MAE KS MAE KS MAE KS MAE KS MAE KS MAE KS
i 0.687 0.1662  0.691 0.0319 0.645 0.1416  0.918 0.2445 0.922 0.0739  0.908 0.3306
g — B0k 0.697 0.0271  0.694 0.0050 0.653 0.0165 0.926 0.0256  0.925 0.0321  0.925 0.2002
WAL 0.696 0.0174  0.692 0.0047  0.650 0.0280 0.915 0.0462  0.925 0.0235 0.912 0.2291
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Eifzmn/zbDTH S, BEED 10D E ) 9D Age, B
B DMERID Gender, B X YFRIDFAMED £ DD Seafood
D3FEFED Y > T 4 TR CIHERL 7,

MR 2 gD D, —2 I3 TFHKSE 2 M 2 729 D MAE
(mean absolute error) T®H %, FHIFEAGME & B D F1EAhE O fox)
HADFEHWTH Y, NS WIFEHEO TR IS, B9
—2IF, DHO—FMZHFRDE ) V85X Y v VIRETH B
2fEAaLETT V- IV 7RERIE (KS L) T,
MRS, —o0k vy T4 7RBOfEZNZIZOWT
FHEHIE DR B ERSE ko L &, 2O >DB%K
DHEDHEN KS TH 5. AN —KT 513 L, FHfE R &
Ly T 4 TS BMSTIC R B DT, KS AVNE WIF BT
HEIZE, HEHRE S D OLEMERZ T > TR, K7 —
FINTBETPATYRLDNAFT A= HFLITRLTHEL.

FEERER 2R 2 10T, EEDOMRWITII S &, STk
LT OV —BaE LRI Atk & 2 k4 5 &, stk
AR CIERED I L I TR D (KSMET), 2
Db D IHI T HE 2 EHE A LT % O TR MAE 1%
HTHEAT 2l A2 D 5. Bk L ISR E L %
g3 2 &, MLIM-Year, ML1M-Gender, ¥ X O¥ Sushi-Gender
Tl¥ KS DRSO RATED, B DT — 7 HEE&ICOVLTIEF
Y—BaED X WIS D H 2 G T0 5, REDIWL-ST, Har
DL E VI HICBWTIDDIFRSE L WE 5755,
G BEHEN 2 RDE— AV FETERL T EDITHL
0L TIEE DA O T E 2D T RE T H 2 &\ 9 FilRd
MENZTNDHB7-DTHA 9.
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