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Figure 1: Our main user interface showing topic modeling results on a tile-based map view. In the tile-based map (a), the three topic clusters
are shown, where each set of three keywords represents a single topic. Our system also supports keyword filtering that obtains the subset of
documents including/excluding user-specified keywords (a-1) and the time frame filtering (a-2) on document data. In response to such a filtering
interaction, our system re-computes the topic modeling results for the corresponding subset of documents per tile in parallel and updates its
visualization as soon as the newly computed topic modeling results become available. As we zoom in, tiles are further split up at a fine-grained
level (b), and the precomputed topic modeling results corresponding to these tiles are efficiently visualized accordingly.

ABSTRACT

We present a visual analytics system that supports the geospatio-
temporal analysis of social media data based on a large-scale dis-
tributed topic modeling technique. Through the analysis of social
media data in a given time and region, we can identify critical
events in real time. However, it takes significant time to perform
such analyses against a large amount of social media data. As a
way to handle this issue, we developed an efficient tile-based topic
modeling approach, which divides textual data into multiple subsets
with respect to different regions and time frames at different zoom
levels and applies topic modeling to each subset.
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1 INTRODUCTION

Geospatio-temporal information is crucial to extract meaningful in-
formation such as the important events occurring in a particular
time and a region. Text data such as social media data are good
sources to extract such information [1]. We can analyze and find
interesting topics by analyzing their dominant keywords, which can
serve as clues to, say, disease outbreak and other critical events.

We propose the visual analytics system that allows a user to ana-
lyze the social media data based on geospatio-temporal information
in a map type of a view. In our system, a map is composed of mul-
tiple small geospatial tiles at different zoom levels, working in a
similar manner to a google map. That is, we divide the entire social
media data based on geospatial information into tiles and maintain
them separately to analyze them on demand when a user aims to
examine potentially interesting regions.

The topic modeling provides the capability of summarizing
large-scale text data, and our contribution mainly lies in integrat-
ing it with tile-based geospatio-temporal visual analytics to analyze
such large-scale data.
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Figure 2: A workflow of our system. The crawled raw social media data are used for tile-based on-demand topic modeling. The most represen-
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tative keywords from several topic clusters are transferred and visualized in the tile-based map view.

2 GEOSPATIO-TEMPORAL VISUAL ANALYTICS VIA TILE-
BASED TOPIC MODELING

2.1 Overall Workflow

As shown in Fig. 1, the main idea of our system is to immediately
deliver the topic modeling results for real-time interactive analy-
sis. To achieve this, our system divides the document data into tile
groups to reduce computing time. Furthermore, our web client re-
quests the topic modeling output corresponding to a particular tile
on demand. The web server sends the results once the topic model-
ing computation is done for each requested tile separately.

2.2 Tile-Based On-Demand Topic Modeling

Fig. 2 shows the overall workflow of our system. Initially, our
system crawls the raw social media data and stores them in the stor-
age. The raw data are composed of the textual data which include
the contents and the structured data which include meta-data such
as geospatio-temporal information. The textual data are used for
the topic modeling while the structured data are used for filtering
textual data to compute segmented tile groups. Afterwards, topic
modeling based on distributed nonnegative matrix factorization [2]
is applied separately to each of the tile group data. Once the top-
ics are obtained, the most representative keywords of several topic
clusters are visualized in the tile-based map view.

2.3 \Visualization and Supported User Interactions

Users can determine the region of interest (ROI) by specifying a
location in a web browser. The ROI determines the amount of data
to be processed at a time. First, the user specifies the ROI depending
on the currently shown region and the zoom level used in the web
browser. A user can find the interesting topics in this area in a
particular time using the slider interface.

The keyword filtering interaction allows users to focus on those
text documents containing user-specified keywords while excluding
another set of user-specified keywords. The server re-compute the
topic modeling given such dynamically changing subsets of docu-
ments on the fly, generating a newly updated set of topic tiles.

3 USAGE SCENARIOS

We apply our system to Twitter messages generated in New York
City at the third of November, 2013 with “marathon” keyword in-
cluded. Thus, our system extracts the topic modeling from such
tweet messages. As shown in Fig. 3, we can see words such as
“marathon”, “run” and “runner” on the tiles of Brooklyn and Man-
hattan regions. Actually, the 2013 New York City Marathon was

held around there at that time. Similar to this, we can extract other
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Figure 3: A usage scenario. For example, a user can include a
“marathon” keyword to extract topic modeling, and related words are
shown on other tiles after that.

interesting events such as hot issues about politics, entertainment,
sports, disease and disaster, generated in a particular area and time
using our analysis.

In this example shown in Fig. 1, the number of used text
documents was 37,655. Each of the tiles has approximately 904
tweets on average and took 3,830 milliseconds for topic computa-
tion. Such an amount of computation time is still significant for
supporting the real-time user interaction. Thus we will further im-
prove this work in order to reduce the computation time.

4 CONCLUSION AND FUTURE WORK

We presented a novel system that provides geospatio-temporal anal-
ysis of document data via topic modeling. Our system supports
on-demand user interactions by showing topic modeling results fo-
cused on the region of interest. We plan to extend our system to
support a distributed platform and enhance the efficiency and the
scalability of topic modeling algorithm.
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