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ABSTRACT In view of the problem that current context-aware recommender systems take users and systems as the main research di-
rection and do not consider actual transportation network location characteristics this article introduces a geographic information rec—
ommender system optimized by transportation network data. The system combines with transportation network data of geographic infor—
mation in the context-aware recommender system to optimize the recommended results. Experimental results show that the recommen—
ded quality get improved significantly.
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Fig.1 Flow chart ofthe context-aware recommender system
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Table 1 Request parameters of Direction API (6)
origin — y
destination — N
mode driving @
region — (2)
output xml (json/xml) a 0.1; (4) B 0.5 @
tactics 11¢( )
API
mode
walking( ) 12( ).
2 JSON
2 Direction API API
Table 2 Return resultfields of Direction API
w
status 0: D
message “ok”: gamma
type 1 2: def recommendation( train uid W D n gamma) {
distance ‘m rank = dict()
duration . for( i in train uid ) {
sorted_W = sorted( W i . items() key = lambda
2 tran: tran 1  reverse =Tru¢ O:n
Direction API JSON for( j wij in sorted_W) {
: . if(j in train uid )
continue
decay = 1/(1 + gamma * D i )
rank j  + = wij * decay
}
}
1.2.3 rank = sorted( rank. items( ) key = lambda tran:
tran 1  reverse =True¢) 0:n
: return rank
@D : }
@ ; 5
® u (6)
N 2.1
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Table 3 Accuracy and recall of different gamma values
v R, R, User-based
0. 00001 0.0423 0.2075 Item-based 0
0. 0001 0. 0441 0.2161
0. 001 0. 0435 0.2131 MAE :
N=20 10 ~100
0.01 0. 0435 0.2130
4 . 4
0.1 0. 0404 0.2129
User-based Item—
based
. 6(a)
( MAE) ( )
3 —

Fig.3 Accuracy—recall curves of 2 kinds of recommender systems
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Fig.4 MAE( a) and coverage( b) comparison between three algorithms
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