











various types of information visualization approaches
for social media have been created, for instance based
on social network analysis methods [20,13,25], and the
genre of information visualization develops rapidly.

The methods of social network analysis (SNA)
provide an intuitive approach for analyzing social
media [20]. Twitter users can be modeled as network
nodes that are interconnected through discussions and
retweets. The co-occurrence of hashtags provide
another approach for taking the network approach in
analyzing social media content.

Network analysis introduces a set of methods,
practices and metrics for supporting the investigation
and representation of social media data. Network
metrics can be produced for the individual nodes of the
network as well as for the network as a whole [42].
Node indegree, outdegree, betweenness and other
metrics can be used to highlight nodes in different roles
e.g. through node size:

Node degree value representing the number of
connections a particular node has is the simplest metric
for node centrality. For directed networks, node
indegree, i.e. the number of connections pointing
towards a node, allows the analysis of node prestige as
high indegree indicated interest towards the node;
outdegree indicates activity.

Node betweenness value indicates the number of
shortest paths that pass a particular between any two
nodes in the network; high betweenness shows that a
node has a connecting role as bridge between the
different parts of the overall network. Betweenness
value is high for nodes having a bridging role
connecting different parts of a network.

Network structure can also be analyzed. Modularity
analysis, for example, allows for the identification of
clusters of nodes that are more interconnected with
each other than with the rest of the network [7]. Hence,
clustering network nodes allows further support for
insight on the internal structure of the network e.g.
revealing the emergent subgroups within the network.

Freeman [17] points out the key strengths of visual
network analysis: it helps investigators both in finding
patterns within a networked phenomenon and in
communicating the results to those that are interested.

Interactivity is a key ingredient in allowing insight
through information visualization [29]. Moreover,
“visual analysis typically progresses in an iterative
process of view creation, exploration, and refinement.*
[22]

The information visualization reference model [8]
defines the key steps of the technical implementation
process: Raw Data is collected, refined into Data
Tables, transformed into Visual Structures from which,
finally, Views are created for representing the data.
The Network Analysis and Visualization (NAV)

process model that Hansen et al. [21] derived by
observing graduate students learning social network
analysis of online communities defines the key phases
moves the general information visualization process
towards network paradigm. After defining the analysis
goals, steps of data collection and structuring, data
interpretation, and report preparation complete the
NAYV model. The model also recognizes the need for
the group of investigators to learn the SNA concepts
and tools as part the analysis process.

3. Research method and approach

In this study, we apply the process of data-driven
visual network analytics for providing insights on how
Twitter was used before, during and after CMAD
2013. As Twitter can be seen to present an information
system, we approach this study with the case study
approach, which has been found to be a legitimate way
of adding to the body of knowledge in the information
systems field; it provides detailed and analyzed
information about real world environments through
examples of phenomena under research [6].

3.1. Case CMAD 2013

Our case environment is Community Manager
Appreciation Day (CMAD 2013) conference. It was an
event held on January 28, 2013 in Tampere, Finland as
part of international conference series arranged
globally every fourth Monday of January. CMAD
conferences have been organized since 2010 and they
originate from Jeremiah Owyang’s blog [35] to
recognize and celebrate the efforts of community
managers around the world using social media and
other tools to improve customer experiences. It was
followed by a series of conferences organized at the
same time in numerous cities in 2011.

The organizing committee of the second CMAD
conference (CMAD 2013) in Finland included more
than 100 people, with 15 people participating in the
planning meetings (face-to-face or virtually by Adobe
Connect). The CMAD participants can be for a
significant part considered as advanced lead users of
community approaches and social media. Total of 155
people participated in the CMAD 2013 [10] conference
and 223 people in the online live stream [36] during
the conference day.

3.2. Collection and extraction of social media
data

We will concentrate here on the use of Twitter—
even if also other means of social media were used in
CMAD 2013 conference—for two important reasons.



First, Twitter data, unlike the data of many other
commonly used social media- related application such
as Facebook, is easily openly available for analysis and
visualization purposes. Second, due to the restrictions
and challenges of Twitter as a communication media
mentioned in this study, visualization can significantly
add the value of Twitter data in many respects.

In more practical and technical terms, we
implemented a tailored batch script in Python (version
2.7.1) that accessed the Twitter REST API (version
1.0) to collect all the tweets sent between January 21
and March 4 that included the word cmadfi as part of
their content. Twitter REST API was sufficient for
collecting the tweets because it allows retrieving 1500
tweets at a time, 350 times in an hour where as more
high-volume Twitter streams insist applying Twitter
Streaming API instead of the REST APIL

An open source NoSQL (Not Only SQL) database
MongoDB (1.6.5) was used to manage and query the
tweets. Whereas the volume of tweets would not insist
this, we appreciate the fact that as a document
database, MongoDB does not insist the specification of
a schema for the collected data [8], thus allowing quick
changes in processes collecting and refining the data.

For this study, we collected a total of 2686 tweets
over a six-week period starting from January 21, 2013.
Before the CMAD day, 162 tweets were sent, 160 with
hashtag cmadfi and two in which cmadfi was found in
some other form. During the CMAD day in January 28,
the participants and others interested sent a total of
2138 tweets, 2126 with the hashtag cmadfi. In addition,
386 tweets were collected after January 28, 374
including the hashtag cmadfi. Figure 1 shows the
cumulation of tweets over time. The blue spline shows
the cumulated overall amount of tweets. The red spline
represents the relative change in the amount of tweets.
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\ Figure 1. Cumulation of the collected tweets
before, during and after CMAD 2013.

As the timeline shows, the volume of Twitter
communication peaks during the conference day and
remains somewhat active for the next few days.
Importantly, the vast majority of the activity occurs
during the conference day.

3.3. Cleaning of data in social networks

In general, Twitter data allows straightforward
analysis. The used REST API puts out tweet data
including both the 140 character messages, in which
users (e.g. @markosuomi) and hashtags (e.g. #cmadfi)
are represented with a syntax that is easy to process
programmatically, and in addition includes rich
metadata for each tweet, including e.g. tweet sender,
time when the tweet was sent, the optional geolocation,
i.e. the place where the tweet was sent etc.

A tailored Python script was implemented to
identify the Twitter users that were mentioned as well
as the hashtags included in each tweet. The script
further transformed the refined data into three
networks:

e The first network is a two-mode network

including two types of nodes, representing both
Twitter users and hashtags. A pair of users is
connected to each other when one has
mentioned the other. Users are also connected
to the hashtags they have used in their tweets
as well as to the hashtags that are used in the
tweets they have been mentioned in.

* The second network shows the
interconnections between people
communicating over Twitter. More

specifically, with interconnections, we refer to
users mentioning each other in tweets through
commenting, discussions and retweets.
¢  The third network represents the co-occurence
of hashtags included in the tweets. The weight
of the connection indicates the number of times
a user has mentioned another user in a tweet.
The Python script uses NetworkX library (version
1.7) to construct the network and serialize it in Graph
Exchange XML Format or GEXF (version 1.2). For
temporal analysis, another Python script was
implemented, to transform the data in Data Tables into
timeline-based Visual Structure. Highcharts (version
2.1.9), a JavaScript-based software library for
developing interactive charts, was used to implement
the timelines. Python library Cheetah was used to aid
the creation of the visualizations.

3.4. Data analysis and visualization

For structuring the analysis process, we applied the
Network Analysis and Visualization process model. As
we realize that cumulative networks alone do not allow
insights on the dynamics of discussions related to
CMADFI, we complemented the network analyses
with temporal analysis through timeline views. For
this, we followed an approach that Ebner and
Reinhardt [16] introduced in which two splines are
used to show the cumulation of tweets. The first spline
shows the total amount of tweets over time and second



spline highlights relative change in the amount of
tweets. Figure 1 shows the resulting timeline.

To facilitate the analysis, we implemented a Python
script to compile a set of basic statics of the tweets,
allowing all the members of the research team to
conduct detailed analysis with a spreadsheet processor
or some other analysis tool. This statistics include the
timeframe of the sample, the number of tweets in a
sample, list of the first and last tweets included in the
sample, list of hashtags and their popularity, list of
tweeters and the number of tweets that they have sent,
and a list of the most mentioned tweeters and the
number or times they are mentioned in a sample.

For analyzing and visualizing the networks, we
used Gephi, an interactive visualization and
exploration platform available in open source [4].
Following the NAV model, Gephi was used to layout
the networks, calculate metrics for the network nodes,
analyze networks for possible subnetworks or clusters
and adjust the visual properties of the visualized
network according to the analysis.

In this particular case, we decided to use the value
of weighed node indegree to define node size. Indegree
refers to the amount of connections pointing to a node,
in this case the number of mentions that a particular
used has received. The weighed value takes into
account multiple incoming connections, i.e.
connections in which a person has mentioned another
are more important than individual mentions.

The layout of the networks in this study is the result
of a force driven layout algorithm in which nodes repel
each other and the edges connecting the nodes act as
springs pulling the nodes back together [12,18]. As a
result, nodes that are interconnected will be placed
close to each other.

For distributing interactive versions of the network
visualizations over the Web, we used Gexfjs, a
Javascript-based GEXF Viewer for Gephi.

4. Results and findings

In this study, we wanted to learn more about the
key users and dynamics of the interactions of the
conference. We used information visualization from
Twitter data to provide insights of the networks of
people participating onsite and/or online in the
conference for co-organizing conferences.

Many insights can be derived by looking at the
network of people tweeting and their discussions topics
before, during and after the conference. Figure 2
provides an overview of the people and their
discussions before, during and after the conference.
The interactive visual representation provides a way to
observe the network through the lens of each
individual person or discussion topic used in the

conference. Each person can thus observe how he or
she is connected to other persons and discussion topics
and also see the related network metrics, such as
degree, betweenness and weighted indegree.

"+ GpGephi -

Figure 2. Snapshot of two-mode network of
people tweeting and their discussion topics
before, during and after the conference day.
Interactive version is available:
http:/www.tut.fi/novi/hicss2014/

To complete the two-mode network of people and
discussions topics with more specific insights, the
individual one-mode networks give snapshots of the
most influential people and the most popular
discussion topics. Whereas the two-mode network
allows a fuller overview of the discussions, one-mode
networks can be used to more specifically investigate
the role of different users as well as the patterns in
usage of the hashtags.

The visualization of the network of people tweeting

before the CMAD 2013 conference day (using #cmadfi
hashtag) is illustrated in Figure 3. The network of
people tweeting based on the nodes indegree uncovers
the most often mentioned tweeters before the
conference day. For the conference co-organizers
familiar with the Twitter usernames, that were
collaboratively collected and shared using Google
Docs Spreadsheet, the visualization of the network of
people provides many insights.
First, the network of people highlights the most
influential people in the network in Twitter, the larger
the influence, the larger the size of the node and node
label (Twitter username). Second, the interests of the
people are made visible by the connections to other
people, the larger the interest the larger the size of the
connection (line width in Figures 3-5). The node color
represents the clusters of nodes in the network, as
according to a community-detection algorithm that
analyzes the network to find groups of nodes that are
particularly tightly interconnected.
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Figure 3. Force driven network of people
tweeting before the conference day.

In the network of people before the conference in
Figure 3, the most influential people in Twitter include
co-organizers (@jjanhone, @PauliinaMakela),
speakers (@markosuomi, @jukkaeklund, @mikafilm),
and potential participants (@villemonkey, @petrasi,
@ippuli, @minnavaltari, and @PetralLouhimies). The
visualization helps to uncover clusters in the network
(Figure 3).

By looking at the messages exchanged in the
cluster it is possible to determine how the clusters are
formed. One cluster is formed around @petrasi,
@yvillemonkey, @JohannaHytonen and @VilmaMutka
that discussed for example who they know that are
going to attend the conference and practical
arrangements such as transportation from Jyviskyla to
Tampere for the conference. Similarly local clusters
formed around people who discuss about going to the
conference from Helsinki people going to the
conference from Turku. Two clusters form around
influential co-organizers @)jjanhone and @Pauliina
that for instance inform about the coming conference
and the status of the conference arrangements and
provide information about community managers. In
addition clusters form around influential presenters
(@markosuomi and @jukkaeklund).

In the network in Figure 4, a few clusters emerge.
The top 10 most influential people in Twitter based on
node size during the conference day include speakers
(e.g. @toninummela, (@markosuomi, and
@senjalarsen), participants (e.g. @sveikkolainen), co-
organizers that were also speakers (@PauliinaMakela
and @jjanhone) and a representative (@MerviRauhala)
from a sponsor organization (@Markinst).

By knowing which people were speakers in the
conference (e.g. (@toninummela, @markosuomi,
@senjalarsen, (@Anttilsokangas, @)jpruohisto, and
@mikafilm), it is possible to deduce, at least in terms

of Twitter presence, which presentations raised most
discussion and were most interesting to the audience.
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Figure 4. Force driven network of people
tweeting during the conference day.

The most important observation, however, is the
tightly interconnected nature of the overall network.

Comparing Figures 3 and 5 reveal that discussions
were more active and more people were involved in the
discussions after the conference than before the
conference.
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Figure 5. Force driven network of people
tweeting after the conference day.

The discussions about conference presentations
continued after the conference and a relatively large
group of people participated in the discussions after the
conference, considering that only 155 people attended
the conference onsite.

The visualization of the network of hashtag co-
occurence before the conference day uncovers, which
discussion topics were associated with the conference
and the popularity of those discussion topics before the
conference (Figure 6).



Figure 6. Force driven network of hashtags
before the conference day.

The most popular discussion topics before the
conference day (Figure 6) related to, Community
Manager Appreciation Day (#cmad) conferences in
Tampere and Paris, different involved communities,
such as #hrsome and #meego, follow friday (#ff) that is
suggesting interesting Twitter users and helping them
get followers, and community managers in general
(#cmgr, #communitymanagercourse).

The network of hashtags during the conference day
is illustrated in Figure 7.
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Figure 7. Force driven network of hashtags
during the conference day.

During the conference the third most discussed
topic after #cmadfi and #cmad was #cmadfilabel,
chosen and voiced during conference presentation [26]
for discussing the appropriate translation of
“community manager” in Finnish. Most of the top 10
hashtags used referred to the presentations, such as
#sketchnotes that included notes in the form of visual
drawings of the presentations, or more directly to the
concepts used in the presentations, such as #streaming,
#swarm, or the context of the presentation (e.g. #yle).
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Figure 8. Force driven network of hashtags
after the conference day.

The hashtags included in the discussions after the
conference are shown in Figure 8. The most popular
discussions topics include recruitment of community
managers  (#recruitment), #hrsome community,
Community Manager Appreciation Day (global)
conferences (#cmad), and jobs for community
managers (#jobs, #job, #work).

5. Discussion

Current literature brings forth the possibilities and
benefits but also the restrictions of Twitter as an
approach to support conference organization,
conference-related  collaboration and conference
content sharing and communication. We wanted to
understand and add to that discussion with a case study
of CMAD 2013 and visualizing its Twitter activity.
Overall, network visualizations were useful in
revealing the overall structure of the communications
that occur during conferences.

For Twitter data during conference, the
visualization of the network of people uncovered the
influential people involved in the conference as co-
organizers, speakers, sponsors or participants. The
most influential speakers indicate the most interesting
conference presentations and discussion themes for the
conference audience, uncover various conference
topic- related needs of the conference attendees, and
provide insight into planning the contents and speakers
of the next conference.

The visualization of Twitter hashtag networks
provides several insights of the discussion themes
during the conference. One of the findings was that the
discussions tend to scatter when hashtags are created
bottom-up, each person creating his or her own
hashtags to describe content (e.g concepts) of the
presentations. While those hashtags that were created
and communicated top-down either by conference co-
organizers or speakers were more popular and seemed



to last longer. To confirm that the discussions using
top-down created hashtags lasted longer, would
however need further analysis [cf. 10].

An important finding from the visualization of
hashtag networks during conference was that from the
collected Twitter data the content links that were
created bottom-up, e.g. by the conference participants,
in some cases led to broken links or discontinued
services and thus missing conference related content.

Information visualization of Twitter data before the
conference had interesting implications for conference
co-organization. For instance, the clustering of the
network of people pointed out to similar groups or
networks of people. The content of tweets revealed that
some of the similar groups are actually local clusters or
networks from different cities that are planning to
attend the conference, and discuss transportation
related issues. The before the conference discussions
indicate that conference co-organizers should take
steps in improving the information about transportation
to the conference and consider instructing, facilitating
or arranging transportation related issues.

The identification of the influential people in
Twitter have several implications for conference co-
organization. Due to their networks and prestige, the
discovered most influential participants can also be
considered as potential co-organizers and co-marketers
for the future conferences. Furthermore, the discovered
connections between the attendees can be used by the
co-organizers to identify people with similar interests
and for example plan sessions than interest certain
groups of people.

The clustering of nodes in the people network can
help in observing emerging discussion groups sharing a
similar novel interest in a particular topic. Reasons for
the emergence of such groups include e.g. spin-off
discussions that a particular presentation catalyzed but
did not fully cover (a possible topic for future
conference rounds) or problems in accessing online
content with a particular device or software. At best,
such groups could be investigated in detail with the
help of supporting views showing the topics or the
actual contents of the particular discussion.

Many of the discussions after the conference
connected the CMAD 2013 Twitter stream to many
other existing streams, thus adding its visibility. In
total, three times the amount of the participants were
involved in the discussions. The reported media
coverage allows organizers to better observe the impact
of the conference.

This study leaves room for future studies in several
areas. First, visualizations cover a huge amount of
analysis techniques, and only a fraction has been used
and investigates in this study. For instance, to gain
further insight, the following visual network analyses

would be highly useful: 1) analysis of number of
tweets per user and average posts per user [15] to
understand what percentage of users are actually active
contributors and do the contributions follow e.g. the
90-9-1 rule [34], 2) the growth of the network of
followers of conference participants, e.g. compared
before and after conference to better understand the
impact of the conference for participants 3) analysis of
preferential attachment [2,5] for identifying the nodes
with strategic position in the network and for
investigating to what degree is the growth of network
of people and network of discussion due to higher
probability of people that have large number of
connections or due to their activity in the conference.

Second, further avenues of research could include
other types of available social media data, such as
Facebook data of conference organization, should be
combined in the analyses to provide a more varied and
detailed picture of the prestige of persons,
presentations and discussions in conferences, because
quite naturally, not all significant discussions take
place in Twitter, and some influential persons may be
active elsewhere than in an individual communication
channel such as Twitter.
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