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Storyline Mining Algorithm Based on Bayesian Network

SHE Yuxuan,XIONG Yun
( Shanghai Key Laboratory of Data Science, School of Computer Science,Fudan University , Shanghai 201203, China)

[ Abstract] At present, most of the research on story line mining focuses on the similarity analysis of news documents
and events, while ignoring the structured expression of stories and the delay of news. It is difficult to intuitively see the
development of different news topics from the model results. Therefore,an unsupervised storyline mining algorithm based
on Bayesian network is proposed, which considers the story line as the joint probability distribution of date, time,
organization, person, place, topic and key words and considers the timeliness of news in inside. Experiments and
evaluations results on multiple news datasets show that this algorithm model has a higher mining potential than the K-
means and LSA algorithms.
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1. Draw@ ~ Dir( o)

2. Drawm, ~ Dir(¢,)

3. for each storylinese {1,2,---,S} do
4 Drawe, ~ Dir(B,)

5. for each topicke {1,2,---,K} do
6 Drawe, ~ Dir(B,)

7. Drawe, ~ Dir(B,)

8. Drawm, ~ Dir((, )

9

. for each storylinese {1,2,---,S} do
10. Draw a distribution over
11. timed, ~ Dir(\,)
12. organization p, ~ Dir( )

13. persong, ~ Dir(v,)
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14. location{, ~ Dir(o,)
15. dater, ~ Dir(w )
16. for each documentae {1,2,---,A} do
17. chooses, ~ Multi( 1, )
18. choose t,o0,p,1,d
19. for other word positionsne {1,2,---,N{do
20. choosex, , ~Multi(w, )
21. ifx,, =0
22. then draww,_, ~Multi( ¢, )
23. ifx,, =1
24. then draww,_ , ~ Multi( ¢, )
25. if x,, =2
26. then drawz, , ~ Multi(0) ,
27. draww, , ~Multi(¢, )
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