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Abstract
In this paper, we proposed a novel document
clustering algorithm, called OTFDC, which can
be applied to a multilingual document. We will
calculate the correlation coefficient between the
user’s query and the candidate clusters. The

OTFDC algorithm owns the following properties:
)

environment; (2) it can improve the search engine

it can be applied to a multilingual

performance, (3) it can automatically learn new
knowledge; (4) it can quickly response to the
user’s needs.

This paper evaluates the performance of
OTFDC by the user’s experiment and some
simulations. The user’s experiment is focused on
The
simulation criteria used in this paper are AMPRE

the popular keywords on the Internet.

(Average of Mean of Precision Rate) and
AMREC (Average of Mean of Recall Rate).
Simulation scenario is randomly generated 1000
keywords. According to the results of the user’s
experiment and the simulations, our clustering
results are significantly better than current search
engines with document clustering.
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Cluster)*c » {RR; };

7 #*¥ v OTFDC (Clustery);

8 } End of Foreach;

9 1H(RR; 3 A {RK; };

10 Return({RK;}, {RR;});
11 } End of Algorithm;
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{ReturnR(Cluster;,Cluster)};

21 } End of If;

22 } End of Foreach;

22 Return({ReturnCK; },{ReturnR(Cluster;,

Cluster)});
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