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Abstract

In order to satisfy various demands of different Big Data applications, many rec-

ommendation algorithms have been proposed, in which the collaborative filtering
approach has been widely adopted. In certain situations, the Pearson correlation
coefficient used in the collaborative filtering algorithm will be incorrect. In this
thesis, we propose to use the Normal Recovery Similarity Measure to modify the
similarity value in order to reduce the error of collaborative filtering recommen-
dation algorithm. We implemnet the proposed collaborative filtering system on
a stand alone PC and a cloud computing environment with 3, 6 and 9 nodes.
The execution time and performance of the proposed system are measured and
analyzed. From the experimental results, we find that, by cloud computing, per-

formance of the proposed collaborative filtering system can be effectively enhanced.

Keywords: Collaborative Filtering ,Hadoop ,Pearson Correlation Coefficient

, MapReduce.
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BB AT SO RE o ] F 4.2 T RE Y 2 SR T R B
EAPE (A A AR ZHME > A0 0§ THANTRY S RER
RACER R VR PV EE R TR S
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Tot: % H R 7R > Tp it & Hadoop 34 7 PFRF o

Table 4.1: H ¢ 3 i & 2L v

Kk H 3 i &2k vig bt
1 799 1183 0.675402
2 2247 3134 0.675402
3 4665 6436 0.724829
4 7397 11862 0.623588
5 10695 15672 0.682427
6 13042 21979 0.593385
16019 25278 0.633713
8 18527 32801 0.56483
9 21947 35128 0.624772
10 25450 369012 0.689478
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Table 4.2: ¥ 2 6 B & BLorviy 1t iR
k H 6 i & 2k o Lt
1 799 534 1.496855
2 2247 1468 1.530654
3 4665 3154 1.479074
4 7397 5331 1.387545
5 10695 7079 1.510807
6 13042 8812 1.480027
16019 10970 1.460255
8 18527 12339 1.501499
9 21947 14853 1.4776014
10 25450 17696 1.438178
R 3t ] 3P A6 B agheanprige St H %

(B B & BT 0 R e
-4 o
|

Table 4.3: H 2 9 i & BLeiiay v& i

k H 9 B & gk R

1 799 327 2.443425
2 2247 899 2.499444
3 4665 1925 2.423377
4 7397 2856 2.589986
5 10695 4366 2.449611
6 13042 5357 2.434572
7 16019 6358 2.519503
8 18527 7193 2.575699
9 21947 9273 2.366764
10 25450 10796 2.357355
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Table 4.4: = B & 2 3o 2 B %%

g X Jaccard Normal Pearson
1 014863 014863 014863
2 39192 39192 39192
3 2802850 2802850 2802850
4 5220638 5220638 5220638
5 63929 63929 63929
6 39192 39192 39192
7 3675568 3675568 3675568
8 3845888 3845888 3845888
9 63929 63929 63929
10 014863 014863 014863
11 2802850 2802850 2802850
12 63929 63929 63929
13 63929 63929 63929
14 39192 39192 39192
15 5229638 5229638 5220638
16 39192 39192 39192
17 80678 80678 80678
18 1289401 1289401 1289401
19 4561950 4561950 4561950
20 816692 816692 816692
21 63929 63929 63929
22 734585 734585 734585
23 734585 734585 734585
24 36755608 3675508 3675508
25 120152 120152 120152
26 203119 203119 203119
27 2486678 2486678 2486678
28 63929 63929 63929
29 4574334 4574334 4574334
30 5834256 5834256 5834256
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