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1.	Event-based	Social	Networks	(EBSNs) 3.	Spatial	Features 4.	Group	Features

In the popular Meetup EBSN, the following figure 
illustrates three key elements. Users can join different 
Meetup group, which usually have specific themes 
such as hiking, writing or health. Each group can 
organize various types of real-world events and invite 
users to attend.
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2.	Meetup	Datasets

We collected two years of Meetup data in three major 
cities, representing diverse cultures and 
group/event/user characteristics.

Location Quality refers to the co-location frequency 
of venues in different group categories. 
According to Jensen’s [1] attractiveness value 
between different group categories, we can define the 
quality of location for each event e. 

Location Quality

Location Competitiveness refers to the frequency 
that groups with similar topics choose to meet in the 
same area, such events compete with each other to 
attract a shared pool of users.

Group Member Entropy refers to the diversity of 
group members’ interests. Given a group g, its 
member diversity is based on the probability of a 
single user u attending its offline events. 

Group Loyalty Entropy refers to what extent are the 
users focused on attending events within the same 
category. The following figure shows 

Figure:	group	loyalty	vs.	group’s	average	event	size

Figure:	group	entropy	vs.	group’s	average	event	size

5.	Temporal	Preference

Temporal preference refers to how well event start 
time matches group members’ temporal references. 
We measure the overall satisfaction for event e by 
adding up the Jaccard similarity between event’s start 
time and each member’s temporal preference.

Table:	Statistics	of	Meetup	Datasets
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6.	Semantic	Features

Sentiment Analysis: To capture the sentiment of 
event content, we implemented Vader [2], a lexicon 
and rule-based sentiment analysis tool.

Part-of-Speech Features: The POS features we used 
are: adjective, adposition, adverb, conjuction, 
determiner, noun, numeral, particle, pronoun, verb 
and punctuation marks.

Text Novelty: We use Jaccard similarity to 
Identify the novelty of event titles by comparing with 
previous event titles. 

7.	Group-based	Social	Influence
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To utilize group-specific information in EBSNs, we 
propose a new social propagation network to model 
people’s social influences on event popularity that are 
specific to event’s group organizers.

We define user v’s direct influence credit on user u as 
follows:

Using the social proporgation graph we can compute 
the total influence of user v on user u on event e: 

8.	Results

To integrate all context features that we have 
discovered, we fit them into Classification and 
Regression Tree model. We apply R square as the 
evaluation metric.

9.	Conclusions

1.	Our	combined	CASINO	framework	achieves	high	
prediction	accuracy	for	real	world	Meetup	event	
popularity.

2.	Our	study	offers	initial	new	insights	for	event	
organizers	as	well	as	targeted	advertising	strategies	
for	EBSN	service	providers.

Table:	Performance	comparisons	of	
different	Models	(R	square)

Table:	Top	4	most	(and	least)	attractive	group	categories	for	
category	“Women”,	“Movies/Films”,	and	“Sports/Recreation”	
based	on	Jensen’s	attractiveness	value	(New	York	dataset).


