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ABSTRACT

In recommendation system, all basis models seem rather restrictive in isolation, especially when various
sources of data are available. Hybrid recommender systems have been designed to explore these possibilities.
Conventional research in hybrid system has been limited to the development of new algorithms and little research
combines the different approaches. Moreover, data stream and evaluating incremental model are necessary in big
data era. In this research, we propose a feature combination hybrid system based on conjunction content-base and
Matrix Factorization. In addition, we also show a prequential evaluation protocol for recommender systems,
applicable for streaming data environments. Comparing with other state-of-the-art models, our algorithm gains

better results in both accuracy and time update.
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Algorithm 3. KMSGD
Data: D={<u, i, >}
Input: feat, A, n, k
for count « [ to k

{

for <u, > ¢ Ddo

f
v

if u¢Rows () then 17, < Vector (size: feat);
if i ¢Rows (X7) then X7 «— Vector (size: fear);
erru< 1- WX - v
W< Wy + nerryXi- AW,) - v
X Xit+ nlerrulWy - AX) - vy

}

J% 4. KMSGD 4%
Fig. 4. Algorithm for KMSGD

A& 7o o) Aok 5 el S e
Ao sk
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5.1 Hlo|E]

o] A& el|4]+= MovieLens-100K “MovieLens-1M
olghi= 7 71A] AA| Hlole] AEE AMEEle] e
S HnERN

Z2} ¢l MovieLens-100K H|o|E] A|Eol= oF 943
o] ARgAe} oF 1,682 719 %7} 7120] Qlek. Hle]
E] Al E:= Movie-Lens 9 AlO|EofA 3= &
5F HEE 104 574x]elck

32} ¢l MovieLens-1M H|°]&] A E= Movie-Lens
4 Al oM x 31Xt 6,040 o] AREALEA-
€] 1,000,209 7}°] 55 3,952 79| s} =g

E 3. F doJe] AES] §4
Table 3. The Statistics of the Two Data sets
Data
Features MovieLens- | MovieLens-
100K 1M

# of users 943 6,040
# of items 1,682 3,952
# of ratings 100,000 1,000,209
# of ratings per user 106.4 165.6
# of ratings per item 59.45 253.09
Rating Sparsity 93.70% 95.81%
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Table 4 Overall results of Movielen-100k Data
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Table 5. Overall results of Movielen-1M Data
() 3)
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o Content- & CF Model-Based CF Sl w7 =g 4]
o Base (MFCF) ce= cjx}el
CB) (NBCF)
User- Item- algo} s Aok =
7] 51
User Tem ALS SGD KMSGD oJolLis 5 )
RMSA 0916 0.975 0.966 0.944 0.940 0.936 0.912 0.918 0.910
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