








testing period. Global upper bound is the maximum 
usefulness that any global recommendation system can 
achieve. Similarly, community upper bound is the best 
performance a system can achieve in terms of 
community-based recommendation, in which users 
from the same community will obtain the same 
recommendations, if it knows which items the users of 
a specific community will download during the testing 
period.  

5.2 Experimental Results 

We select 697 active users from 202 formal 
communities who downloaded at least 20 documents 
in the whole year, 10 documents in 2005, and 5 
documents in Mar. 2005 for our experiments to 
exclude casual users who had very few activities. 
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Figure 5. Performance of CBDR, measuring how many 
people (y-axis) downloads at least one, two, to five 
documents (x-axis) from the recommendation list during the 
testing period.  

 

Figure 5 compares the performance of our CBDR 
to the global upper bound, collaborative filtering (in 
which the documents with the highest access times by 
the particular formal community in the history are 
recommended to the people in this community), 
community-based static recommendation, and 
community upper bound. Our CBDR achieves the best 
performance compared to that of any global 
recommendation algorithms, collaborative filtering, 
and community-based static recommendation. In 
Figure 5, we can see that the global upper bound of “at 
least one recommendation useful” is 202, and the 
community upper bound of “at least one 
recommendation useful” is 480. With the CBDR 
method, 430 users consider at least one 
recommendation useful. Thus, we can see that, CBDR 
achieves 90.4% of the community upper bound, is 
106% better than the global upper bound and performs 
126% better than the community-based static 
recommendation. Furthermore, since collaborative 
filtering cannot recommend new documents, its 
performance is worse than the global upper bound. In 
this case, the usefulness of CBDR is 259% better than 
collaborative filtering.  

6. Conclusions and Future Work 
In this paper, we propose a community-based 

dynamic recommendation scheme that investigates 
contextual and temporal information simultaneously. 
Dynamic factors from both documents and users, 
including documents of long-term or short-term 
interests, document expiration date, users’ intentions, 
and users’ evolving interests, are exploited. People 
from the same community are provided with the same 
recommendations so that new users can be assigned a 
community profile and benefit from the experience of 
other users. A Time-Sensitive Adaboost algorithm is 
proposed to incorporate the explored dynamic factors 
for adaptive user modeling and recommendation. 
Experimental results demonstrate the proposed 
community-based dynamic recommendation algorithm 
outperforms any global recommendation algorithms by 
106%, collaborative filtering by 259%, and 
community-based static recommendation algorithm by 
126%.  Ongoing work includes deploying and 
analyzing the recommendations in the NEC 
EigyoRyoku system for online user study. 
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