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ABSTRACT
The ever-increasing size and complexity of social networks place a
fundamental challenge to visual exploration and analysis tasks. In
this paper, we present GalaxyExplorer, an influence-driven visual
analysis system for exploring users of various influence and analyz-
ing how they influence others in a social network. GalaxyExplorer
reduces the size and complexity of a social network by dynamically
retrieving theme-based graphs, and analyzing users’ influence and
passivity regarding specific themes and dynamics in response to
disaster events. In GalaxyExplorer, a galaxy-based visual metaphor
is introduced to simplify the visual complexity of a large graph with
a focus+context view. Various interactions are supported for visual
exploration. We present experimental results on real-world datasets
that show the effectiveness of GalaxyExplorer in theme-aware in-
fluence analysis.

1. INTRODUCTION
The growing ubiquity, communication bandwidth, and cross-platform

accessibility of social media have offered both opportunities and
challenges for large-scale information sharing and diffusion dur-
ing disaster management and mass disruption event coordination
[8, 11]. Research efforts have been made to visualize and moni-
tor discussion in social media [6] and explore how public posts are
shared in a social network [10]. Influence, which occurs when a
person adapts his/her behavior, attitudes or beliefs based on those
of others, has been an important force that directs the dynamics of
social media interactions [1, 2, 3, 5, 12]. The further one’s mes-
sages are propagated in the network by his/her connected users, the
more influence he/she may have on others. Equally important is
passivity, which reflects the barrier to the propagation of messages
that is often hard to overcome [9].

In this work, we seek to analyze users’ influence and passiv-
ity conditioned on specific themes. Based on the theme-aware
influence and passivity, we present GalaxyExplorer, an influence-
driven visual analysis system for exploring context-specific social
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media interactions. Our proposed visual-analytic workflow starts
by launching a theme query on the massive network data via a
client-side search interface. After the server-side search engine re-
trieves a theme-based graph and analyzes the influence and pas-
sivity of every user, the visual interface of GalaxyExplorer shows
a theme-based graph visualization on the client side. A galaxy
metaphor is introduced to simplify the visual complexity of a large
graph. With GalaxyExplorer, the analyst can view users of inter-
est and filter out others by interactively specifying a cross-filtered
range query, within which the selected users are linked and high-
lighted in the graph immediately. Moreover, the analyst can ana-
lyze further with details on demand, by launching a user query on
the theme-based graph to retrieve the user’s messages covering the
theme of interest, or a message query to extract all messages that
mentioned specific keywords. In the meanwhile, the analyst can
view the social relationship of a specific user, or the propagation
of a message during a period of time to understand the discussion
diffusion. We show the effectiveness of GalaxyExplorer in theme-
aware influence analysis regarding Hurricane Sandy on Twitter.

2. THEME-AWARE INFLUENCE ANALYSIS
Unlike traditional media, for information to propagate in social

media, users need to forward it to others, thus having to actively
engage rather than passively read it and seldom act on it. While
some users may not have much influence upon the overall social
network, they can still play an influential role in the discussion on
a specific theme.

To capture the theme-based influence each user has in a social
network, we adapt a generic influence and passivity (IP) model [9].
In the IP model, a user’s influence depends on the number of people
he/she influences as well as their passivity, and how dedicated the
people he/she influences are, while a user’s passivity depends on
the influence of those who he/she is exposed to but not influenced
by, and how much he/she rejects other users’ influence compared
to everyone else. We seek to analyze the influence and passivity
conditioned on specific themes. This context-specific approach has
two advantages. First, the massive number of users in a network
can be partitioned into smaller theme-based subsets, thus enabling
exploring, identifying and analyzing users of interest at a reduced
scale that would not be feasible for the entire network. Second,
theme-aware analysis can better capture the relative influence and
passivity each user has regarding a specific context, after filtering
out unrelated noisy discussion.

Given a social network G = (V,E) with users V and edges E, we
first extract a theme-based subgraph Gt = (Vt ,Et) (Vt ⊂V,Et ⊂ E),
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Figure 1: The visual-analytic workflow of GalaxyExplorer.

by retaining the users and edges that are related to a given theme t
and filtering out the rest. The theme-based weight w t

i j on the edge
ei j represents the ratio of influence that i exerts on j to the total in-
fluence that i attempts to exert on j regarding theme t. Taking Twit-
ter network as an example: an edge (i, j) exists if user j reposted a
message by user i about theme t, with w t

i j = n t
i j/s t

i , where n t
i j is the

number of messages posted by user i that mentioned theme t and
reposted by user j, and s t

i is the total number of messages posted
by user i regarding theme t. For every edge ei j ∈ Et , the acceptance
rate a t

i j on theme t is defined as:

a t
i j =

w t
i j

∑k:(k, j)∈Et
w t

k j
. (1)

This metric reflects the dedication user j has to user i on theme
t. It measures the amount of influence that user j accepted from
user i on theme t scaled by the total influence accepted by j from
all users. On the other hand, the rejection rate r t

i j on theme t is
defined as:

r t
i j =

1−w t
i j

∑k:(i,k)∈Et
(1−w t

ik)
. (2)

This metric measures the amount of influence that user j rejected
from user i on theme t scaled by the total influence rejected from i
by all users. With these two measures, we employ an iterative pro-
cess to compute the theme-based influence and passivity for each
user, called the Theme-aware Influence and Passivity (TIP) algo-
rithm, as shown in Algorithm 1.

3. VISUAL-ANALYTIC WORKFLOW
Guided by the classic visual analytics mantra “Analyze first, show

the important, zoom, filter and analyze further, details on demand"
[4], we propose a carefully designed visual-analytic workflow for
exploring social medial interactions driven by theme-aware influ-
ence and passivity, as illustrated in Figure 1. Our approach starts
from the client side, where an analyst (1) specifies a theme of in-
terest through the search interface. Upon receiving the request, the
search engine on the server side (2) retrieves a corresponding graph,
(3) analyzes the theme-based influence and passivity, and finally re-
turns the results to the client. The client will be notified when the
results are ready, and (4) create a customized visual interface of
GalaxyExplorer regarding the specified theme. After that, the ana-
lyst can (5) zoom into users of interest while filtering out others by

Algorithm 1 Theme-aware Influence and Passivity (TIP)
Input: An initial network G = (V,E), and a user-specified theme t
Output: The theme-based influence It

i and passivity Pt
i for every

user i ∈Vt

1: Extract users Vt ⊂ V and edges Et ⊂ E on theme t to form a
theme-based graph Gt = (Vt ,Et)

2: Compute the theme-based weight w t
i j for each edge (i, j) ∈ Et

3: Compute the acceptance rate a t
i j and rejection rate r t

i j for each
user i ∈Vt according to equations (1) and (2) respectively

4: Initialize influence It
i = 1 and passivity Pt

i = 1 for each user
i ∈Vt

5: repeat
6: for each i ∈Vt do
7: Pt

i ← ∑ j:( j,i)∈Et
r jiI j

8: end for
9: for each i ∈Vt do

10: It
i ← ∑ j:(i, j)∈Et

ai jPj
11: end for
12: for each i ∈Vt do
13: Pt

i ←
Pt

i
∑k∈Vt Pt

k

14: It
i ←

It
i

∑k∈Vt It
k

15: end for
16: until It

i and Pt
i converge

interactively brushing the influence and passivity bar charts to spec-
ify a cross-filtered range query, within which the selected users in
focus are linked and highlighted in the graph immediately. Further-
more, the analyst can (6) perform analysis with details on demand,
by launching a user query on the theme-based graph to retrieve the
user’s messages covering the theme of interest, or a message query
to extract all messages that mentioned specific keywords. At the
same time, the analyst can (7) analyze the social relationship of a
specific user, or the discussion diffusion of an original message,
visualized as an animated propagation in the graph of GalaxyEx-
plorer.

4. VISUALIZATION FRAMEWORK
When the data are complex and too large to be visualized in a

straightforward manner, data analysis should be combined with in-
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Figure 3: Visual interface of GalaxyExplorer: (1) the main view,
(2) the query panel, (3) the control panel, and (4) the list view.

teractive visualization to enable comprehensive data exploration at
both overview and detail levels.

4.1 Visualization Design
To facilitate an intuitive exploration of the users in a social net-

work, we design GalaxyExplorer based on the metaphor of a galaxy.
In a typical galaxy (Figure 2 (left)), the massive stars are glowing
with powerful light. In analogy, in the graph visualization (Fig-
ure 2 (right)), the users in focus are highlighted by bright points
with name labels. Similarly, the users in context correspond to the
dwarf stars in a galaxy, which are relatively dim and small. Dur-
ing exploration, the analyst can interact with the system to examine
links among users (analogous to the light rays among the stars)
— the static links represent the social relationship among users,
while the animated links indicate the propagation process of a spe-
cific message. This design reduces the visual complexity of a large
graph with a focus+context view, and is suitable for graphs with a
large number of users.

Figure 3 shows the visual interface of GalaxyExplorer, which
consists of four components: (1) the main view, (2) the query panel,
(3) the control panel, and (4) the list view. The main panel visual-
izes the theme-based graph in a galaxy metaphor. The query panel
displays the influence and passivity charts for range query at the
overview level, and will transition to a data table when examining
and selecting messages at the detail level. The list view shows the
top influential users within the specified range query. Several op-
tions for user interaction can be adjusted in the control panel.

4.2 Interactions
GalaxyExplorer allows the analyst to query users of interest, and

view details such as reposting relationship and message propaga-
tion as they explore the graph.

Fast range query with cross filtering. Cross-filtered views are
multiple coordinated views with the following features: (1) each
supports selection over the set of unique attribute values in a data
column; (2) each data column is paired with a dimensionally appro-
priate type of view that supports indication of attribute values by
selection or navigation; and (3) one can rapidly toggle brushing fil-
ters between pairs of views to pose complex drill-down set queries
across multiple data columns. In GalaxyExplorer, the data columns
correspond to the influence and passivity, and the paired views are
bar charts visualizing the distribution of influence/passivity. With
cross filtering, one is able to interactively drill down into inter-
dimensional relationships buried in the influence and passivity val-
ues, and thus flexibly explore the users of various combination of
influence and passivity. In the meanwhile, the users that fall within
the range query are highlighted immediately in the graph when
brushing the two charts. As a result, the cross-filtered view and
the graph visualization are dynamically linked for flexible graph
exploration.

User exploration. The analyst can focus on a user by selecting a
label in the graph to view how his/her messages have been reposted
by others, or how he/she has reposted others’ messages. Multiple
foci are supported to allow a direct comparison of different users. In
addition, the analyst can search specific users by giving a keyword
query to retrieve relevant ones from the server. Upon receiving
the results, the query panel of GalaxyExplorer will display a table
containing all the matched users and their messages, with which
the analyst can perform message exploration.

Message exploration. The analyst can specify a message query
to retrieve the messages mentioning keywords of interest, and the
query panel of GalaxyExplorer will display the matched messages
as well as their corresponding users. The results can be sorted by
the names of the users, the dates when the messages were posted,
or the importance of the messages. Furthermore, the analyst can
select a specific message, and an animated transition will illustrate
how the message propagated in the graph, where only the users in-
volved in the message propagation are highlighted. The color of
the animated trace is mapped to the speed of the message propaga-
tion. At the same time, a time series chart will pop up to illustrate
the number of users reached by the selected message during this
propagation over time.

5. AUDIENCE EXPERIENCE
We plan a demonstration that leads audience participants through

various elements of GalaxyExplorer. A screencast of GalaxyEx-
plorer is available at http://vimeo.com/69211037. Our
pre-loaded datasets consist of over 3 million tweets from 2 mil-
lion Twitter users. The datasets were collected from October 27
to November 7, 2012 — when Hurricane Sandy affected 24 U.S.
states. The current GalaxyExplorer system is developed as a web
application using HTML5 and JavaScript.

With GalaxyExplorer, participants will experience the workflow
presented in Figure 1. Participants will be given the opportunity to
specify themes of interest through the search interface of Galaxy-
Explorer. The search engine on the server side will retrieve the
corresponding graphs and analyze the theme-based influence and
passivity. The participants will then be able to view and compare
the Twitter users’ influence and passivity values regarding various
themes of interest. Through the graphical interface of GalaxyEx-
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plorer, participants can explore Twitter users of interest while filter-
ing out others by interactively brushing the influence and passivity
bar charts. Participants will also be able to see how tweets have
been retweeted in the network. Explicit feedback from audience
participants will be sought to rate and evaluate the system along
the traditional axes of quality, efficiency and usability.

6. POTENTIAL IMPACT
The ability to explore the heterogeneous aspects of Twitter users’

influence and passivity with GalaxyExplorer can help study the di-
versity of influence in social media interactions with respect to spe-
cific context and time, which would not be revealed by the entire
social network.

For instance, Bruce Sprinsteen (a famous singer-songwriter from
New Jersey) was determined to be most influential on the themes
of “Help" and “Relief" as his tweets on requests for help and ongo-
ing relief operations reached out to most of the user base and were
frequently retweeted. Similarly Bon Jovi (a popular band) led the
influence scores for the theme “donate" in large part due to the ben-
efit concert they held to support rescue and relief operations. Do-
nations from concert attendees were highlighted in multiple tweets
and retweets. Neither of these two individuals were rated in the
top 20 when we computed the influence scores on the entire graph
and moreover these users do not appear in all themes. Similarly,
Yankees (an American professional baseball team from New York)
was ranked among the top 3 influential in both themes “Help" and
“Donate", but had much less influence on the theme “Relief". One
organization, not surprisingly, that featured in the top influencer
lists of all three themes is the American Red Cross (RedCross).

Furthermore, distinct patterns of evolving influences over time
can also be found regarding a specific theme: (1) the influence of
springsteen, BonJovi and TheDailyEdge was quite stable; (2) the
influence of HurricaneSandyw went up during the disaster but then
down afterwards; (3) the influence of RollingStone went down dur-
ing the disaster and then recovered afterwards; (4) StateDept was
more influential after the disaster; (5) sesamestreet became less in-
fluential after the disaster, and (6) MoveOn became influential only
after the disaster. Further results and analysis details that we lacked
space to describe can be found in [7].

In conclusion, our system may allow analysts to compare the
users’ influence in social media across themes, drill down to tem-
poral phases of critical events in disaster management, and explore
detailed messages to gain insights about the diffusion of influence
in social media interactions.
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