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Abstract 
Visual Thinking Algorithms (VTA’s) are a tool for design-
ing interactive visualizations by describing the operation of 
a human-computer cognitive system, accounting for 
strengths and limitations of the human visual system and 
cognitive processing. In this paper, we apply this methodol-
ogy to visualization of memes and related topics and 
communities (groups of users with common topics) arising 
in social media messages. Based on a cognitive task analysis 
we define a MemeVis concept design for exploratory social 
media analysis embodying VTA’s such as brushing, drill-
down, lateral exploration, and generalized fisheye view. We 
then describe two early prototype displays: a Meme Pool 
featuring a network graph for exploring meme-topic-
community relationships, and a Community Network Ex-
plorer enabling exploration of cross-community similarity 
with drilldown to users and user posts within a community. 
We close with recommendations for future research includ-
ing design of a VTA-based toolkit and expanded views for 
social media analysis and monitoring. 

 Introduction   
The past few years have seen an exponential explosion in 
the use of social media. Its applications have evolved al-
most as rapidly as its user base, ranging from real-time 
status sharing to grass-roots protest campaigns to natural 
disaster alerts. Discovering relevant novel content and 
trends in social media presents a particular challenge due 
to the inherent volume, noise, and diversity of content. 
Particular attention has been focused on technology to find 
social media memes, new ideas or events that are actively 
being discussed that leave an observable trace (Leskovec et 
al, 2009; Mathioudakis & Koudas, 2010). This paper pre-
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sents a first-principles application of a human-centered 
design methodology called Visual Thinking Algorithms 
(VTA’s) to develop novel visualizations for exploratory 
analysis of memes and related concepts such as topics (sets 
of words that tend to occur together) and communities 
(groups of users with similar topical interests).  VTA’s are 
essentially design patterns for instantiating and composing 
interactive visualizations, specifying epistemic interac-
tions, and assessing suitability of designs for particular 
tasks. Besides these design-time benefits, displays adhering 
to these patterns should yield high cognitive efficiency and 
augment visual working memory capacity of users. 

Visual Thinking Algorithms 
Our approach extends and applies (Ware 2012)’s concept 
of Visual Thinking Algorithms (VTA’s) to guide visualiza-
tion design. VTA’s are tools for designing new interactive 
visualizations and assessing their suitability for particular 
cognitive tasks. They describe visual thinking as the opera-
tion of a human-computer cognitive system, taking into 
account strengths and limitations of the human visual sys-
tem and cognitive processing, including pattern processing 
in the visual cortex, and the operation of visual working 
memory and long-term memory. VTAs can be defined 
over single visualizations but can also involve sets of visu-
alizations connected through shared data elements. This 
design space of VTA’s is theoretically enormous, but in 
practice we restrict our attention to algorithms that inte-
grate automated data analysis with tight-loop simple 
operations commonly used in interactive visualizations. 
Examples of the latter include brushing (Becker & Cleve-
land, 1987; Weaver, 2004), dynamic queries (Ahlberg & 
Shneiderman, 1994), generalized fisheye views (Furnas, 



1986; Bartram et al, 1995), and navigation methods, such 
as zooming (Plumlee & Ware, 2006).   
 We use this approach to match candidate visualization 
techniques to cognitive problems, focusing particularly on 
the interplay between different kinds of information and 
operations focused around a cognitive task, including per-
ceptual and cognitive operations, displayed information, 
epistemic (information-seeking) actions, externalization of 
knowledge, automated computation, visual queries, visual 
pattern processing, and data types, structures, and size. The 
term algorithm is usually applied to programs executed on 
a computer, but here refers to any clearly described method 
or process for solving a problem. Fig. 1 shows a Pathfind-
ing VTA described as pseudocode.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 
 

Figure 1. Example VTA for pathfinding, represented 
as pseudocode and applied to a map view. 

MemeVis Concept Design 
Our VTA-based design process began with a brief cogni-
tive task analysis in which we first characterized the data 
available to analysts.  Raw input data in the open source 
social domain mainly consists of users represented by an 
account with a unique screen name and bio-related metada-
ta, and posts, which contain message text and metadata 
related to user, time, location, and other extracted infor-

mation. We then identified relevant classes of social media 
analytic data, mainly consisting of memes, topics, and 
communities, as described above in the Introduction. 
 Given the streaming nature of social media and resulting 
memes, we organized our cognitive task analysis into two 
categories of tasks. The first is monitoring the social media 
stream to become aware of the properties of emerging 
memes (a planned focus of future research); the second is 
exploratory analysis aimed at answering a specific set of 
questions relating to meme data. For example, the analyst 
may be interested in exploring the spread of news about a 
world event that has just occurred. From there, the analyst 
may wish to identify the communities and users that origi-
nated or spread the meme, examine the meme’s geographic 
footprint over time, or explore related topics and memes.  
 We then identified candidate displays supporting prima-
ry questions of interest, namely an Active Meme List for 
searching for memes by keyword and sorting and selecting 
from the results, a Geo-display depicting the locations of 
users involved in selected memes at various times, a Time 
Series chart showing volume over time for selected 
memes, and a Meme Pool conveying relationships among 
memes, topics, and communities as an interactive network 
graph.  We then developed a VTA-based interaction graph 
as a method for capturing the various linkages and transi-
tions that occur in the cognitive process.   The interaction 
graph supports the cognitive walkthrough process (Spen-
cer, 2000) by making explicit those epistemic actions that 
cause attention to be shifted from one component display 
to another. For further details on MemeVis cognitive task 
analysis and design, see (Ware, Pioch, & Jones, 2012). 
 

 

 

 
 

Figure 2. Epistemic action-display workflow graph. 

Meme Pool for Relational Analysis 
The Meme Pool is designed to show links between memes, 
topics and communities in a highly flexible dynamic inter-
active process, serving as an extension of working 



memory.  Figure 3 shows a screenshot of the Meme Pool, 
as applied to a 7500-meme, 852K-post, 50-topic, 20-
community micro-blog dataset. A force-directed layout 
aids visual recognition of key relationships by minimizing 
clutter and overlapping links. Communities are the highest-
level nodes. Topics are intermediate level nodes with con-
nections to communities and memes.  Meme nodes appear 
at the leaf-level of the graph.  While memes have direct 
relations to communities as well as topics, the meme pool 
shows only the meme-topic and topic-community links to 
avoid clutter.  The other display components show addi-
tional details as a result of meme pool interactions.  For 
example, when a meme node is clicked, the time series 
associated with it is added below the graph.  When a topic 
node is clicked or hovered over, a topic summary showing 
the top terms in the topic appears in the upper right corner. 

Figure 3. Meme Pool display for exploration of 
meme-topic-community relationships. 

 The Meme Pool synthesizes several VTA’s to facilitate 
rapid exploration and extend working memory (see Ware, 
2012 for more detail on these and other VTA’s):  
• Generalized fisheye view is a composite VTA in which 

the computer attempts to show only task-relevant infor-
mation and hides other information (Furnas, 1986).  The 
meme pool follows this pattern by limiting the initial 
view to a subset of the graph in the vicinity of a particu-
lar meme. From here, the graph may be expanded by 
right-clicking on a node and selecting the desired node 
type for expansion. 

• Lateral Exploration VTA is used in concert with the gen-
eralized fisheye view to help users decide which nodes 
they would like to expand.  This VTA often uses local 
visual cues that provide “information scent” to help us-
ers identify relevant information to expand (van Ham & 
Perer, 2009).  For example, when hovering over a meme 

node, the number of messages contained in the meme is 
shown next to the node.   

• Degree-of-Relevance Highlighting VTA is applied when a 
user selects a meme node, resulting in solid-fill high-
lighting of that node and border highlighting of links and 
nodes up to two connections away from the selected 
node. This helps maintain local focus within the context 
of a much larger network graph. 

• Drilldown VTA provides extra detail on a particular item 
of interest in a separate area but visually correlated to 
the original item.  The meme pool uses drilldown when 
a meme node is clicked; a callout link of that color is 
drawn down to a new time series plot appearing below 
the graph.  The color of the graph and callout link is cor-
related with a rotating selection color applied to the 
selected meme node.  A similar drilldown approach is 
used when a topic node is selected, using a callout link 
to the top topic terms in the upper right. 
In Figure 3, the selected community (main hub at lower-

left of network) primarily contains sports enthusiasts, and 
the selected topic contains terms related to the 2010 World 
Cup (following the gray callout link to the topic summary).  
The Time Series plots show four memes peaking at about 
the same time, with the meme about Mexico showing the 
largest volume of the group and the meme about Chile the 
smallest. More generally, this view has helped our team 
better understand the level of connectivity and fragmenta-
tion in the meme-topic-dimension space. The above VTA’s 
enable much more rapid, intuitive navigation of this space 
vice data-centric tabular or hyperlinked views. 

Community Exploration and Drilldown 

Figure 4. The Community Network Explorer conveys 
cross-community and community-user-post relations. 

In order to gain better insight into relationships and behav-
iors of communities participating in memes, we developed 
a second graph-based view conveying cross-community 



overlap, with drilldown to community users and user posts. 
This Community Network Explorer prototype, shown in 
Figure 4, also exposes explicit controls to toggle or adjust 
visual affordances related to specific VTA’s. As with the 
Meme Pool, these include degree-of-relevance highlighting 
and drilldown, in this case from community to users and 
user to posts.  User node selection shows all posts by that 
user, while community-user link selection shows only the 
user’s posts within the community.  
This view also features two additional VTA’s including: 
• Dynamic Query VTA provides one or more filter controls, 

such as sliders, text fields, or pull-downs, that dynami-
cally hide, show, or change visual information in a 
graphical display (Ahlberg & Schneiderman, 1994).  The 
Link Threshold field in VTA Controls serves this pur-
pose. When a user changes the value, the graph updates 
its cross-community links to show only those for which 
the number of overlapping users exceeds the new value. 
This VTA provides run-time flexibility in exploring the 
level of community connections across varying datasets. 

• Brushing VTA is triggered by selecting a data object(s) in 
any one view, causing the same object(s) to be high-
lighted wherever they appear in all other relevant views, 
thereby visually linking them (Becker & Cleveland, 
1987; Weaver, 2004). For example, in Fig. 4, Communi-
ty1 was clicked in the graph, causing the node marked 
“1” to enlarge and the first row of the table to activate a 
selection highlight. The same will hold true in reverse if 
a table row is clicked. When Brushing is off, the two 
views feel artificially disjoint and users must perform 
back-and-forth visual scans to find corresponding data. 

The example in Figure 4 illustrates an anonymized view of 
a small micro-blog dataset consisting of sports-related 
memes and topics.  The triangular nodes depict communi-
ties of football vs. basketball sportswriters.  The link 
between the two community nodes conveys that they have 
more than one user in common.  We have expanded the 
graph to include community-user links; some users belong 
to just one community, while others have links to both 
communities, i.e. they post about football and basketball. 
The table at the bottom summarizes relative weights (based 
on frequency of posts) and top users of each community. 
The right-hand panel provides a textual drilldown to mem-
bers of the selected community, while the “Messages” 
panel (not shown) supports drilldown to a selected user’s 
posts or posts within a linked community. For example, 
selecting a Boston-area sportswriter shows all posts by that 
writer in the dataset; selecting the link from that user to 
Community1 filters the message panel to football-related 
posts, many of which are about the New England Patriots. 

Conclusions and Future Work 
In summary, we have shown that Visual Thinking Algo-
rithms provide a useful methodology for social media 

visualization design, by mapping common patterns of effi-
cient epistemic interactions among users, machine, and 
displays to task information needs.  Our Meme Pool and 
Community Explorer prototypes embody six VTA patterns 
for exploratory analysis of social media memes, topics, and 
communities that have improved our research team’s un-
derstanding of the characteristics of these data. Planned 
future work includes completion of the remaining  
MemeVis views, VTA-based views for social media moni-
toring, extending VTA to scale to larger and more complex 
datasets, distillation of a suite of VTA patterns within an 
extensible API to realize further design-time benefits, and 
empirical evaluation of the cognitive efficiency and work-
ing memory benefits of VTA methods.  
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