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Multi-source Topic Detection Analysis Based on Improved ccLDA Model
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Abstract: At present,ccLDA (cross collection LDA) model has been found only applicable to data sources that topic similarity is very high,and its
global topics and local topics of each data source will be forced alignment,hence causing words sparse.In order to solve the problem of ccLDA
model,an improved ccLDA topic model (IccLDA) was proposed. When sampling,this model firstly decides whether words are global topics or loc-
al topics,and then takes samples respectively.In this way,it can avoid the problem that the global topics and local topics in ccLDA model must be
aligned,and also can reduce the dispersion degree of the words in the global topics and local topics,making the model suitable for multiple data
source scenarios.The topic discovery experiments of multiple data source were conducted on public data sets,and a comparative analysis of topics
was conducted.The experimental results showed that the confusion degree of IccLDA model is lower than LDA model and ccLDA model,indicat-
ing that IccLDA model has better modeling ability.Finally,further experimental verification was performed with the data sets of real-world scen-
arios.The result showed that the improved model not only has better modeling ability than the traditional models,but also can effectively discover
public topics discussed by various data sources and local topics discussed by each data source,and is more suitable for topic discovery in multiple
data source scenarios.
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Tab.3 Topics of LDA model
i it RO ]

hotel room hotels stay stayed budget rooms night place
39  hostel staying find price location inn hostels book bed
places accommodation

Singapore mrt mind excuse cat food India sgd zoo night
19  orchard road Chinatown Sentosa shopping city place area
safari walk

visa UK passport immigration entry months apply country
9 time enter work travel embassy return visas application stay
Australia

Singapore Malaysia KL Asia taste island Indonesia Johor
25  Thailand islands Kuala air ferry Hong Kong check travel
China Lumpur

airport time taxi hours check luggage Changi transit flight
5 hotel city hour morning leave immigration budget night cab
minutes baggage arrive

Delhi India Agra Varanasi Jaipur time travel Rajasthan
29  train Udaipur driver trip car Taj Jaisalmer weeks fort visit
city pushkar
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tour taj visit stalls street hour
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