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Abstract
recommendation algorithm is reduced with data increasing. This paper proposes a recommendation
algorithm based on community detection (RACD) in bipartite networks by introducing bipartite
network community detection theory into user-based CF recommendation algorithm. Firstly, the
the community
information of each user is obtained by using RACD to divide the user-item network. Finally, the
items are recommended to the target user according to other users in the same community.

The efficiency of traditional user-based collaborative filtering ( user-based CF)

user-item rating matrix is mapped into user-item bipartite network. Then,

Experiments on real-world classic network datasets show that the RACD can effectively improve
real-time recommendation efficiency of the recommendation system.

Key words: recommendation algorithm; bipartite network; community detection; collaborative
filtering ; complex network
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Begin
Initialization: Obtain the structure of the
network, and get the initial node v = getFirstNode
()3
stepl; / # ARAFEENTT FUAYERARBLY 11+ /
getMaxSimilartityNodeSet( ) |
while ( one of the neighbor nodes of v has
not been visited) |
set_tag. add(node) ;
s = getMaxSimilarity ( node) ;
set. add( node) ;
set. add(s) ;
list. add ( set) ;
node =v. getNextNeigborNode( ) ;| }
step2: /% MRS AT LES +/
for (Node node; set_tag) |
if (node. hasAllVisited( ) ) |
nodelistl = combine( set_tag,list) ;
lelse{
go to stepl ;| |
In the same way, get nodelist2 ;
step3: / * A AL« /
mergeCommunity ( nodelist] ,nodelist2 ) {
for( List list; nodelist2) |
community =
getMaxSimilarityCommunity ( list, nodelistl ) ;
merge ( list, community) ; | }
End
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Fig. 1 Recommendation process of user-based
collaborative filtering
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Fig. 2 Network composed of users and items
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def getNeighbors ( uld, user _ dict, item _ user,
communities ) ;
=[]
user_communityld = communities| uld ]
for item in user_dict[ uld ] ;
for neighbor in item_user[ item[0] ] :
neighbor_communityld = communities]| 7 |
(if neighbor | = uld and neighbor not
in neighbors and user_communityld ==
neighbor_communityld) .
HUS AR RIS S5
neighbors. append ( neighbor )
neighbors_dist = [ ]
for i in neighbors;
#AR U LI
dist = getSimilarity (user_dict[ uld ],
user_dict[ i ]
neighbors_dist. append ( [ dist, neighbor])
SRR AU DA v 2 HE 7
neighbors_dist. sort( reverse = True)
return neighbors_dist  #1& [FIAH{LHH 7
2.3.2 HSLHERSIR
def recommendByUserFC ( neighbors, k) :
#EEST HERE
recommand_dict = |}
for neighbor in neighbors
neighbor_user_id = neighbor|[ 1 ]
items = user_dict[ neighbor_user_id ]
for item in items:
if item[ 0] not in recommand_dict:
recommand _ dict [ item [ O ] |
neighbor[ 0]

else .
recommand _dict[ item[0]] +
neighbor[ 0 ]
#EESTHERE SR

recommand_list = [ ]

for key in recommand_dict

recommand _list. append ( [ recommand _ dict

[key], key])
recommand_list. sort( reverse = True)

return [ k[ 1] for k in recommand_list |
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movie id movie name release

79  Fugitive,The(1993) 01 -01 -1993
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433  Heathers(1989) 01 -01 -1989
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Table 1 Comparison of running time S
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