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Abstract—People in different regions or times may have 

different views and therefore may talk about different sub-topics 

in a social media. Versatility of a topic in this research refers to 

the degree to which a topic discussed in a social media 

covers different points of view or sub-topics. We introduce this 

notion of versatility for individual topics embedded in Twitter 

data originated from different regions over time. Uniqueness of a 

region with respect to a topic is first computed based on how its 

term distribution differs from those in other regions. Uniqueness 

values associated with all the regions for a topic are then used to 

compute its versatility. Since versatility of a topic captures its 

characteristics across different regions, identifying versatile 

topics can help understanding regional interests and thus 

providing region-dependent services. In addition, it becomes 

possible to identify regions with minority sub-topics, which can 

be buried easily. By analyzing topic versatility over time, 

furthermore, we can analyze the behavior of a topic in terms of 

when it is diverged or converged across the regions.  

Keywords— topic versatility, spatiotemporal analysis of topics, 

social network analysis, topic convergence/divergence 

I.  INTRODUCTION 

Many studies have attempted to analyze SNS to understand 
and predict users’ thoughts and behaviors, often around 
interesting topics. A topic usually has various sub-topics 
depending on different points of view or the levels of details 
being described in the content. People in different regions or 
times may have different views and therefore may talk about 
different sub-topics in a social media. The differences in views 
can be diminished or enlarged as time goes by. For example, 
when a new model for a smartphone is released, many people 
around the world may be interested in the price range and new 
features while others may show an interest in the dates for a 
local release and local shops. Some topics may diverge and 
transpire into more local concerns while others may converge 
into a more global issue. Fig. 1 illustrates an example of sub-
topic convergence, where various sub-topics about a new 
phone model were converged into the “release date” after it 
was officially announced.  

While many researchers on social network analysis have 
addressed the issue of detecting emerging topics or predicting 
propagation of topics on a social network [2, 3, 8, 12, 17], their 
focus has been on the topics of their choice, hardly paying 
attention to their sub-topics or different viewpoints.  However,  

 
Fig. 1. An illustration of sub-topic interests under the topic “iPhone”. The 

different line types represent different subtopics. 

most topics are likely to have different sub-topics, which show 
the existence of various perspectives on the topic. The interests 
of the users can be determined based on such perspectives. 
Since they may change over time, it is desirable to capture their 
patterns, primarily to see convergence or divergence of the sub-
topics. 

Based on our initial observation that different sub-topics are 
detected in different regions and time periods, we introduce the 
notion of topic versatility and propose a relatively simple 
method to compute it. After that, we present our analysis of 
Twitter data across different regions over time to show how 
topic versatility can be computed and how it differs from the 
volume of topics, which is widely used as a measure for 
understanding users’ interests on topics.  

Our contributions can be summarized as follows: 

 We propose a novel notion of topic versatility with a 
relatively simple method for computing it and show it 
captures unique characteristics of topics embedded in 
social media data. 

 We present how topic versatility compares against topic 
volume and show their correlation patterns reveal 
interesting nature of topics. 

 We further show how the proposed measure can be 
utilized in understanding regional differences in sub-
topics, identifying inter-region cohesiveness and 
minority groups, and analyzing the dynamics of sub-
topic convergence and divergence. 

II. RELATED WORK 

Past research in spatiotemporal analysis of Tweet topics are 
found in two types for the way topics are defined: using a 



marker like a hashtag [6, 7] or a query as a topic [13, 17] and 
using a topic modeling technique to identify topics [4, 5, 10]. 
While these methods can be used to relate topics by looking at 
their locations and time information, it has little to do with 
location-sensitive sub-topics local interests of global topics. 

Eisenstein et al. [1] propose a multi-level generative topic 
model that reasons jointly about latent topics and geographic 
regions. For example, terms for the “basketball” topic in 
Boston are “Celtics”, “victory”, “Boston”, and “Charlotte”. 
The main goal of the work is to recover coherent topics and 
their regional variants from a set of geo-tagged microblogs. 
While this work shares with ours the high-level goal of 
identifying regional differences for a topic, we focus on 
determining versatility of a topic for which we identify the 
regions that bear unique sub-topics and the 
convergence/divergence patterns, rather than finding a limited 
set of naturally emerging global and local topics from the 
collection. Moreover, our approach is computationally much 
simpler and more efficient with a focus on the spatiotemporal 
analysis of any given topics. 

A past study deals with the notion of divergence of online 
social group [14]. While the divergence concept applied to a 
group of people is different from versatility that is related with 
different sub-topics expressed in different regions, the idea of 
detecting divergence changes caused by some events has some 
relevance to our work. They distinguish three phases of an 
event with before, during, and after, and attempt to predict 
whether divergence of a social group will increase or decrease 
in the next phase of the event. A clear difference between this 
study and our work lies in the focus of divergence: intra-group 
divergence vs. inter-region sub-topic divergence.   

III. DATA CHARACTERISTICS 

A. Crawling Twitter Documents  

We collected Tweets from Aug. 1, 2014 to Oct. 3, 2014 
(referred to as Tweet-14 hereafter) using Twitter Search API. 
The text in an individual Tweet was considered a document for 
our analysis to be described subsequently. Twitter provides a 
search API with the ‘geocode’ parameter that indicates the 
location where a Tweet was posted. Without a geocode, 
Twitter uses the profile of the posting person to determine its 
location. For our analysis, a region is defined as the circular 
area centered at the latitude and longitude with a radius. For a 
region, we used the center of each metro for latitude and 
longitude and the inner circle of location’s bounding box to 
calculate the radius. The bounding box of a region is collected 
from another Twitter API.  

We limited the posting locations to the US to target at 
native English speakers with reasonably similar cultural 
backgrounds as much as possible. The granularity of regions is 
metros because their sizes are relatively uniform, compared to 
the states that are deemed to be too big to discern regional 
trends. A set of candidate metros was obtained from Google 
Trend that adopted those defined by Nielsen in accordance 
with the US federal government’s Metropolitan Areas1. 

                                                           
1  https://support.google.com/trends/answer/4355212?hl=en&ref_ 

topic=4365600 

B. Topic Selection 

Tweets have hashtags starting with a ‘#’ symbol followed 
by a string of characters. A hashtag is a kind of metadata 
tagged to a Tweet by the user to indicate its topical category. 
Tweets with the same hashtag are considered to belong to a 
common semantic category. We selected the Tweets with 
frequent hashtags from our dataset. Some hashtags are named 
entities, but others are general concepts expressed with nouns 
or gerunds like “movie”, “images”, “nursing”, and “cycling”. 
We selected the most frequent 1,000 hashtags in Tweet-14 to 
use them as topics in our research.  

C. Spatial and temporal segments 

Different regions and time intervals are referred to as 
segments for which we attempt to identify salient topics and 
sub-topics. There are 266 spatial segments corresponding to the 
metros in the US, including those in Alaska and Hawaii. More 
than 50% of the collected Tweet documents belong to 12 
metros: New York (13%), Washington (5.6%), Chicago (5.4%), 
Atlanta (4%), Boston (4%), etc. Temporal segments are 
defined as consecutive time slots. We decided to use 12 hours 
as temporal segments for Tweet-14. The number of documents 
in each temporal segment for shorter than 12 hours was not 
large enough for meaningful sub-topic identifications. The 
result is 128 temporal segments for 64 days.  

D. Document preprocessing 

Tweets have a few unique notations for hashtags and 
mentions of user names that are preceded by an ‘@’ symbol. 
Since we do not make any special use of the hashtags in our 
study other than identifying Tweets for the topics to be 
analyzed, we removed the pound sign of a hashtag and treated 
the remaining character string as a token. All mentions and 
URLs were ignored. For text normalization and noise reduction, 
we further removed the letters repeated more than twice in a 
token (e.g. ‘gooooood’ is changed to ‘good’). 

E. Sparse segment and  topic filtering 

We filtered out some of the segments and topics for which 
the number of Tweet documents was deemed insufficient for 
statistical analysis. Given that each Tweet is limited to 140 
characters, it is particularly important to ensure the amount of 
text for each segment and topic is big enough for meaningful 
analysis through topic modeling. We filtered out the segments 
that contained less than 100 Tweets for each topic (i.e. hashtag). 
We further eliminated a topic for meaningful comparisons 
among segments if the number of remaining segments is 
smaller than five. After this filtering process, 810 topics 
remained for the spatial segments for Tweet-14. We have 
constructed spatially oriented document collections consisting 
of 108 million documents for Tweet-14.  

We filtered out those hashtag topics that were not related to 
the topics in Google Trend, assuming that they were somehow 
unrelated to the contemporary issues of the real world [13, 14]. 
To identify such a hashtag, we first checked the correlation 
between the hashtag topic’s frequency pattern and its search 
volume pattern in Google Trend. Topics were retained only 
when their Pearson correlation values were larger than 0.3. To 
ensure that those topics that are uncorrelated but semantically 
related to popular topics are not eliminated, we computed 



normalized Point-wise Mutual Information (PMI) between the 
synonyms of Google Trends Related Searches and the topics 
and retained those with PMI values greater than 0.1. As a result, 
we chose 408 topics. The following table shows the details of 
the spatially oriented collection. 

TABLE I.   A SUMMARY OF OUR TWEET COLLECTION 

Collection Name Tweet-14 

Initial Topics 1000 frequent hashtags 

Period 2014.08.01-2014.10.03 

#Topics after filtering 408 

# Documents (Tweets) 108,858,809 

IV. TOPIC VERSATILITY 

A. Uniqueness  

In order to measure the degree to which a particular region 
reveals salient sub-topics or aspects, we first measure topical 
uniqueness of a region with respect to the rest of the regions. In 
terms of Tweets, the uniqueness measure determines the extent 
to which the people in a particular region had shown unique 
interests under the topic during the particular time period.  

Basically uniqueness measures the dissimilarity between a 
set of documents in region i and its complement, which is 
computed based on word distributions.  

 𝑈𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠𝑖 = 𝐷𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝐷𝑖
𝑡 , ∑ 𝐷𝑗

𝑡
𝑗≠𝑖 ) 

where 𝐷𝑖
𝑡  represents a normalized word frequency vector of the 

concatenated tweets of i-th region about topic t and 

Dissimilarity = 1- CosineSimilairty (,). We opted for a rather 
simple but heavily used Cosine Similarity for the calculation. 
Although a measure like JS divergence would be an alternative, 
we did not see a clear advantage of using it. Note that the range 
of Cosine-based dissimilarity values was from 0 to 0.998 
whereas the same for JS divergence was from 0 to 0.676. 

The higher the sum of uniqueness values over all the 
regions, the more likely the topic would be sensitive to 
different regions. However, a particular region can have a 
unique interest under a topic even when the average tendency 
of the topic does not show it is region-sensitive. We observed 
that the number of regions showing a sufficient interest in a 
topic is inversely correlated with the sum of the uniqueness 
values for the regions under the topic (the correlation value of -
0.424). It indicates that popular topics mentioned widely across 
many regions tend to have low uniqueness values or little 
diverse sub-topics across the regions. 

Since uniqueness can be computed with sub-topic 
distributions as opposed to term vectors, we applied LDA [15] 
to the Tweet-14 collection and generated sub-topic 
distributions for all the segments of a topic to replace the terms 

in  𝐷𝑖
𝑡 .  This alternative representation has an advantage of 

identifying salient sub-topics for different spatial segments for 
further analysis, which is not immediately available with the 
term vector representation. For LDA, we used mallet [16] with 
the size of sub-topics set to 100. Sub-topics were generated for 
the entire collection and map the segment-specific sub-topic 
distributions to the base topic space. The mean uniqueness is 
0.248 with the range being 0.274 to 0.708 for the LDA case. 

B. Topic versatility 

For versatility of a topic, one can consider using the mean 
of uniqueness values across regions. However, a topic with 
relatively low mean uniqueness can have high maximum 
uniqueness. It means although the majority of the regions have 
quite similar sub-topic interests, at least one region has sub-
topic interests that are widely different from the rest. These 
exceptional cases led us to believe that average uniqueness 
alone may not reflect overall topic versatility along the spatial 
dimension and develop a new measure for a topic’s versatility 
as follows: 

 Versailityt = (
∑ 𝑢𝑖−𝑀𝑎𝑥(𝑢)𝑖∈𝑠𝑒𝑔

|𝑠𝑒𝑔|−1
+ 𝑀𝑎𝑥(𝑢)) /2 

where u stands for uniqueness, |seg| is the number of region 
segments containing the topic t and Max(u) is the maximum 
uniqueness value for the topic across all the region segments.  

This formula reflects the idea that versatility needs to 
consider not only individual region-specific uniqueness values 
for their average but also the maximum uniqueness value 
among the segments involved. That is, if two different topics 
have similar average uniqueness values, the topic contained in 
a segment with exceptionally high uniqueness should be seen 
as more versatile.  

We applied the rank correlation measure to the case of 
using word vector representation, as opposed to the LDA-based 
topic representation, and obtained 0.835. It shows that the LDA 
and word vector are very similar. The advantage of the 
difference confirms that using the LDA result makes the sub-
topics look more distinct and hence it is more interpretable.  

C. Versatility vs. Tweet volume 

Volume of Tweets for a topic is an indication of how many 
people are interested in it and/or how eagerly and intensively 
people express their interests through the media. In order to 
verity that versatility expresses the degree to which different 
aspects exist for a topic and hence differs from sheer volume of 
Tweets, we compared the changes of the volume and versatility 
values for various topics along a timeline. Benefits of this 
analysis are not only to confirm the difference between the two 
measures but also to characterize topics in their sub-topic 
convergence and divergence. The latter benefit would in turn 
allow for analysis of how people respond to a topic over time. 

 Since it was essential to observe versatility changes over 
time, we constructed a sub-collection of Tweet-14 by 
eliminating some of the topics for which less than 50 Tweets 
were collected during any of the temporal segments. Another 
constraint was to ensure that each time segment cover Tweets 
from at least two regions with more than 20 Tweets each. 
These were necessary to ensure that a reasonable number of 
documents exist for each time segment in computing versatility. 
Finally, we selected the topics with at least 20 consecutive time 
segments that satisfied the above conditions. The number of 
remaining topics was 219.   

We computed correlation between the volume of the 
Tweets for each topic in the sub-collection and its versatility. 
The average correlation over the 219 topics was 0.042 with the 
range of correlation values between -0.534 and 0.856. It proved 
that in general versatility measures very different 



characteristics of the topics and varies over time very 
differently from the way volume does although for some topics 
they behave similarly with a very high correlation value.  

In order to understand why different topics show different 
behaviors in terms of volume and versatility changes over time, 
we collected the topics whose correlation values were either 
very positive or very negative (high inverse correlation) and 
analyzed them qualitatively. They are either the topics whose 
versatility increases (decreases) as the volume increases 
(decreases) or those whose versatility decreases (increases) as 
the volume increases (decreases). Table II shows the most 
positive and negative 10 topics with the correlation values.  

TABLE II.  TOPICS WITH MOST POSITIVE AND NEGATIVE CORRELATION 

BETWEEN VERSATILITY AND TWEET VOLUME 

Correlation Topic (correlation value) 

Most 

Positive 
nba (0.856), dogs (0.718), wine(0.713), ipad(0.690), 

cancer(0.674), videos(0.654), pics(0.645), 

shop(0.622), selfie(0.570), youtube(0.556) 

Most 

Negative 

oomf(-0.534), jobs4u(-0.497), ebola(-0.495), 

rock(-0.468), green(-0.437), smh(-0.394), 

listen(-0.389), halloween(-0.386), 

business(-0.379), live(-0.373) 
 

A general trend with high positive correlation is that they 
are usually categorical or conceptual topics like “nba”, “wine”, 
“videos”, and “shop” for which people tend to talk about many 
different activities and sub-topics that can be locally associated 
with. The higher the volume, the more diverse sub-topics are 
shown across different regions. On the other hand, topics with 
high negative correlation tend to be Internet-specific themes or 
globally trending issues. As can be seen in Table II, a few top 
ranked topics are Internet memes, which are introduce for easy 
sharing of contemporary ideas and issues in social media. For 
example, “oomf” means ‘one of my friends’. Such memes 
would naturally have low versatility because they are not 
limited to any particular regions. When the Tweet volume 
increases significantly, many of them are followed and 
commented on the social media, resulting in a few focused 
topics. That is, since the sub-topics would be quite 
homogeneous regardless of the regions, they tend to converge 
as the volume increases. The topics like “ebola” and 
“Halloween” are so event- and time-sensitive that the volume 
increase would hardly result in high versatility.  

We note an interesting contrast between two different types 
of multimedia topics: one is about “videos”, “youtube”, “pics” 
and “selfie”, and the other is related to music such as “rock”, 
“listen” and “live”. While the topics in the former group have 
high correlation, those in the latter have negative correlation. 
Our qualitative analysis shows that since visual materials are 
usually uploaded by people, the volume increase ends up with 
discussions of a variety of different sub-topics. On the other 
hand, a volume increase associated with audio content usually 
means reviews or comments about specific songs and thus the 
topics are usually homogeneous (i.e. low versatility).   

D. Versatility-volume correlation changes over time 

Another contrast is between “cancer” and “ebola” which 
have similar semantics, namely diseases, but very different 

versatility-volume correlation behaviors (most positive vs. 
most negative). The difference wasn’t apparent until the 
changes of the versatility and volume values were observed 
over time. As shown in Fig. 2, the curve patterns are very 
different from each other. An explanation is that “cancer” is a 
disease category that is mentioned in daily lives whereas “ebola” 
is a specific disease that is highly time-sensitive. A report on its 
outbreak in a country would cause a surge in volume, but the 
versatility value can drop because most people would want to 
talk about the incident, not different aspects of it. 

 

Fig. 2. Tweet volume and versatility changes over time of topics 

V. UTILIZATION OF TOPIC VERSATILITY 

A. Identification of regional sub-topics 

Versatility analysis of a topic can help identifying sub-
topics that are of paramount interest in different regions. Fig. 3 
shows the sub-topic proportions of the topic “redsox”, which is 
a local baseball team in Boston. X and Y axes show 100 sub-
topics and their proportions for each region, respectively. Some 
sub-topics tend to have a high peak in many regions, but others 
tend to be specific to only one region. It turns out that sub-topic 
84 (tonight’s game) is shared widely among many regions 
whereas others dominate some regions: sub-topics 5 and 8 
(lineups and players) in Boston, sub-topic 98 (local baseball 
team in Cincinnati) in Cincinnati, which is the home city for 
the team, and sub-topic 93 (injection scandal and released 
players) in Portland. Clearly this analysis can be used to 
understand how unique the local interests are in the regions. 

 

Fig. 3. Sub-topic proportions for topic “Redsox” 

B. Inter-region  cohesiveness and miniority group detection 

While versatility of a topic indicates the lack of its 
cohesiveness, it does not say anything about inter-region 
cohesiveness or how regions are similar to each other in terms 
of sub-topics that people are locally interested in. Heat maps 
are a useful tool for visualizing inter-region cohesiveness 
relationships when dissimilarities are used. As in Fig. 4, X and 
Y axes represent regions and each cell’s darkness shows the 
dissimilarity between the regions. The overall degree of 
darkness of maps quickly shows the cohesiveness difference 



between the two topics “iPhone” (cohesive) and “jobs4u” (non-
cohesive). Since the dark lines in the heat map “iPhone” shows 
that there are a number of regions with unique sub-topics, it is 
easy to detect them.  

 
Fig. 4. Heat maps showing the overall characteristics, inter-region 

cohesiveness, and minority groups for topics. 

The proposed method is also useful in identifying minority 
regions for a topic regardless of whether it is cohesive or not. 
The darker lines in (a) show the minority regions for cohesive 
topics. If such regions are similar to each other, they can form a 
minority group for the topic. Such groups can be identified 
easily with a Heat Map, too, by identifying bright spots on a 
dark line. The bright spots on a few dark lines in (a) show that 
the regions corresponding to the bright spots are dissimilar to 
the region represented by the dark line and therefore form a 
minority group. The minority groups tend to share some 
common sub-topics that are not mentioned often in the other 
regions. This capability of identifying minority regions or 
groups is important because they are easily buried when only 
overall statistics are available.  

C. Discovering convergence/divergence patterns of topics 

We devised a method for classifying topics into three 
different types based on their versatility change patterns over 
time: Peaks, Dips, and Fluctuation. The Peaks type shows a 
pattern that the versatility values remain low but have 
occasional peaks. The pattern indicates that a topic usually has 
a stable low degree of regional differences, i.e. usual sub-topics 
across regions, but people start talking about very different 
issues under the topic in different regions, perhaps with 
different regional issues for an event. On the other hand, the 
Dips type has an opposite effect; the versatility values remain 
high with occasional dips. An interpretation of this type is that 
people in different regions usually have their own sub-topics, 
but with an occurrence of an event, a global issue has emerged 
across all the regions. Finally, the Fluctuation type shows the 
vibrating behavior. Topics such as “wine” and “dog” tend to 
have peaks during the weekends and show strong correlation 
between versatility and volume over time. That is, the peaks 
are caused by increasing volumes rather than uniqueness 
changes. 

To classify versatility patterns, we apply the following 
spike detection method2. 

                                                           
2  The main algorithm is borrowed from the following site: 

http://stats.stackexchange.com/questions/41145/simple-way-to-

algorithmically-identify-a-spike-in-recorded-errors 

1) Compute the mean μk and standard deviation σk of 

versatility values over time for topic k. 

2) Calculate the ratios of positive spike 𝑆𝑝𝑜𝑠(𝑘)  and 

negative spikes 𝑆𝑛𝑒𝑔(𝑘) for topic k  

 𝑆𝑝𝑜𝑠(𝑘) = |{𝑡𝑖|𝑣𝑘(𝑡𝑖) − 𝜇𝑘 > 2𝜎𝑘}|/|𝑡𝑎𝑙𝑙| (4) 

 𝑆𝑛𝑒𝑔(𝑘) =  |{𝑡𝑖|𝜇𝑘 − 𝑣𝑘(𝑡𝑖) > 2𝜎𝑘}|/|𝑡𝑎𝑙𝑙| (5) 

where 𝑡𝑖 is the i-th time segment. 

3)  Calculate the difference 𝐷𝑖𝑓𝑓𝑘 of the peak ratio and dip 

ratio to identify the direction of spikes. It the Diff is 

positive, there are more peaks than dips. Otherwise, 

there are more dips. 

 𝐷𝑖𝑓𝑓𝑘 = 𝑆𝑝𝑜𝑠(𝑘) − 𝑆𝑛𝑒𝑔(𝑘) (6) 

4)  Classify the topic to one of the three types based on 

𝐷𝑖𝑓𝑓𝑘. If 𝐷𝑖𝑓𝑓𝑘 is higher than 0.03, the topic belongs to 

the Peaks class. If 𝐷𝑖𝑓𝑓𝑘 is lower than -0.03, it belongs 

to the Dips class. Otherwise, it goes to the Fluctuation 

class. 

After applying the method, we obtained 97 Peaks, 22 Dips 
and 100 Fluctuation topics for the set of 219 topics. Fig. 5 
shows 8 topics of each type together with their versatility 
graphs over time.  

Fig. 5. Three different types of topics and their versatility patterns: Peaks, 
Dips, and Fluctuation. 

Searching for possible reasons for spikes in Peaks and Dips, 
we found that most topics are commonly used terms such as 
“peace”, “home”, “wow”, “beautiful”, “military” and “cat”. 
Since these terms are not the temporarily oriented topics, the 
periodic peaks or deeps indicate the people’s interests are 
periodically converged or diverged. It may be affected by an 
online behavior like issuing a real world small event. In some 
cases, however, peaks are caused by new event. For example, 
“Ferguson” is the city where the excessive suppression 
occurred, which caused various controversial issues. New 
events can also cause dips or convergence of regional. For 
example, versatility of “nba” decreased when a national-level 
news was broadcasted because people temporally focused on 
the news related sub-topic. While the pattern analysis of this 
type using versatility values will clearly give rise to a new 
possibility of understanding people’s interests in social media 
and predicting the behavior of topics, more detailed analysis of 
different types and individual topics are left for future research.  



VI. DISCUSSION 

A. Correlation between topic versatility and Tweet volume  

Most of past research assumed that the tweet volume about 
a topic is an indicator of people’s interests. Our work showed 
that the volume is not sufficient for analyzing people’s interest 
because there may be differences in viewpoints and sub-topics 
in different regions, especially when versatility is high. 
Understanding regional difference would help making 
appropriate policies for individual regions by understanding 
people’s interests and sentiments in various services such as 
mobile app or search engines. While this type of analysis can 
be done with query log analysis, such data is hardly available 
to the people outside the company that owns it. Therefore, our 
analysis method can provide publicly available information 
that can be useful for many different applications. 

It is also important to observe how versatility changes over 
time to detect a sign of diverge or converge. When they diverge, 
a more fine-grained analysis would be desirable. If the volume-
versatility correlation is negative, however, it indicates that 
people’s interests across the regions tend to converge with the 
increase of people’s interest. In this case, it is safe to assume 
that a known interest in one region can be assumed in other 
regions, like using known interest profiles. Understanding the 
dynamic nature of a topic can help predicting, for example, 
how people would react to some events.  

B. Prediction of versatility trends with trigger words 

We showed different types of versatility change patterns 
and cases and discussed plausible reasons for them based on 
anecdotal cases.  It would be useful to devise a method for 
identifying trigger words for versatility changes so that they 
can be a basis for predicting the emergence of new sub-topics 
in a region or trends. Given that versatility changes primarily 
due to an occurrence of a real world event such as new album 
release, concert taking place, or a major accident, the Tweets 
about events of similar kinds may include some keywords that 
may trigger emergent interest in some regions. Detecting those 
keywords dependent on different regions and time periods 
would help predicting people’s future interests and concerns 
which will help the related business and governing entities to 
prepare for the future. 

VII. CONCLUSION 

We defined the notion of topic versatility and proposed a 
method for computing it by identifying sub-topics associated 
with different regions. Uniqueness of a region was measured 
by the differences in terms of sub-topic distributions of the 
Tweets posted from the region at hand and the rest. The mean 
and maximum uniqueness values over all the regions determine 
the versatility of a topic.  

Identifying versatile topics and unique regions can be 
useful in understanding how the sub-topics are distributed 
across the regions and the trend of people’s interests specific to 
different locations and time. We also showed how this analysis 
can be used to identify minority regions in terms of sub-topics. 
The versatility-volume correlation analysis of topics and 
versatility change pattern analysis provided important insights 
about how sub-topics emerge, converge, or diverge.  

Our goal of this research is to devise a versatility change 
prediction method. As such, our next task is to find a way to 
automatically detect descriptive terms in the early phase of 
versatility changes for various patterns. Another direction of 
using the proposed method is to help query interpretation and 
expansion that are sensitive to spatial and temporal contexts. 
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