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Abstract This article describes the Blockmap, which is a mechanism for displaying
and exploring network datasets. The data are presented in a squarified-mosaic form,
which is well-suited for visual display on a computer or phone screen. The relational
data are dimension-reduced and structured for interactive, hierarchical exploration.
The Blockmap applies a combination of treemap and heatmap display schemes
specifically to the analysis of large network datasets. The Blockmap offers the
analyst a way to explore underlying node-level data, at the full-network level,
according to shared characteristics of the constituent nodes. It offers a technique for
exploring nodesets—collections of network nodes—which have been classified
according to a user-defined set of rules or discriminative algorithms. Typically,
nodes can be classified according to their common attributes or a stratification of
their ego-level network measures, but means can be extended. Using a Blockmap,
an analyst can profile a network according to the meaningful characteristics
exhibited by the mosaic; this technique also offers theorists a platform for devel-
oping a methodological and analytic framework for characterizing and analyzing
network data. Production versions of Blockmap technology are presently hosted in
client- and web-based software and is available freely in *ORA-LITE.
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1 General introduction

In the present day, the abundance of relational data for study and analysis has
exceeded the human capacity to comprehend unaided. Inexpensive electronic
storage of data and Internet-enabled collection of relational data have provided great
opportunity for the social sciences. The endless data and processing technology
allows researchers to delve into intricate details of social behavior and relationships
at the micro-, meso-, and macro-level of analysis. While machine-based capacity
such as computing technology and advances in machine learning have been
advancing, innate human-based capacities to process such complex data and at such
size remains bounded.

Forever, humans likely will continue to rely on our eyes as a sensor for making
sense of our environment and as an input channel for analyzing information such as
network data. In recent years, there has been much innovation towards the visual
presentation of raw data in modified form that greatly aids in the analysis of data.
Building on long-existing and commonplace methods such as bar charts and pie
charts, creative schemes such as waterflow charts and bubble charts are now offered
and easy to produce via Microsoft, Google and other ubiquitous computer software
platforms. Advancing computer and display technologies have enthusiastically
embraced these ingenious visualization techniques nearly making the traditional
methods almost passé.

However, specific to relational network data, the traditional node-link diagram
remains the mainstay. Indeed, computing hardware has kept up with the
computational demands of the increasing size of datasets as millions of nodes
and never-ending links can be presented on a computer screen either as pixel-based
or as vector drawings. However, our human capacity to cognize such detailed
images is severely limited by our biological and cognitive capacities, even when
aided by the indispensable zoom feature.

Visual data exploration is essential activity in any research domain. Exploratory
data analysis (EDA) (Tukey 1977) of social network data is no exception (Newman
and Leicht 2007; de Nooy et al. 2005). EDA is a common first-step in social
network analysis and will undoubtedly remain so in the future (Freeman 2000a).
Visual representation of source data is also an important aid in presenting analysis
findings to others (Freeman 2000b). Given the present-day amplified size of
relational datasets, social network analysts have been calling for alternatives to the
traditional node-link network visualization (Viégas and Donath 2004). Analysts can
no longer rely exclusively on traditional visualization methods.

As Fig. 1 illustrates, node-link diagrams remain a powerful tool for understand-
ing simple relational data sets, such as a 10-node, 20% density undirected network.
Conversely, as Fig. 2 illustrates, a node-link visualization of just a 100-node, 20%
density undirected network provides little aid in evolving our understanding of the
underlying data. The limitation of the node-link diagram is readily apparent, indeed.
While the node-link diagram maintains its immense utility, its usefulness is limited
to a decreasing portion of the network datasets being studied presently. Better ways
of visually exploring network data are necessary.
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Fig. 2 Node-link diagram of 100-node, 20% density undirected network dataset

Over the past two decades, along with the ubiquitous computing power,
researchers have recognized the limitations of node-link diagrams (Keller et al.
2006; Saket et al. 2014; Ware and Bobrow 2005) and have been exploring
alternative ideas with some success (Frantz and Carley 2005a, b; Frisch et al. 2009;
Sathiyanarayanan and Burlutskiy 2015a, b). These creative ideas are quite powerful,
but some suffer either from a narrow field of situations where the solution is
applicable, or the solution ultimately suffers from the similar data-size limitations of
the node-link diagram (Holten 2006).

2 Introducing the blockmap
The blockmap is an innovation that addresses the dataset size limitations inherent to

the node-link diagram; blockmaps are data-volume insensitive. A representation of
data via a blockmap does not change in its physical dimensions or resolution
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according to the volume of data it is presenting. Thus, a key characteristic of the
blockmap technology is that its usefulness is not inhibited by the volume of
underlying network data, either by the number of nodes or the number of ties. The
two-dimensional area or resolution of a block map of a 10-node, 100-node, or one-
million-node is the same, as is the amount of space taken on a display medium—
usually a computer or phone display or on printed hardcopy. Figure 3 illustrates a
block map for the same data underlying that illustrated in Fig. 1; Fig. 4 is similarly
paired with Fig. 2.

As Figs. 3 and 4 both show, a blockmap is a construction in a squarified-or
rectangular-mosaic form. This four-sided shape is well-suited for conventional
hardcopy print, and electronic display on a computer or phone screen; a feature that
can be appreciated by comparing against the relative space inefficiency of a pie
chart, for example. There is nothing necessary inherent in the rectangular
presentation of the blockmap. Some creatively applications could easily be imaged
where the shape can be anything from a circle to a cloud, even to a human
silhouette. Greater explanation of the blockmap, how to create it, and how to
interpret it is provided in a following section.

Another productive feature of a blockmap is that it is well-suited for interactive
engagement by a human—or machine/software for that matter. This situates the
blockmap for being a tool that goes beyond mere data presentation but one that can
be used for exploration and thus as an aid to an EDA exercise. By using mouse-click
technology, the analyst can drill-down or —up, as in navigating within a hierarchical
tree (Blanch and Lecolinet 2006), to explore various partitions of the data according

*% Blockmap Window _ O] x|
File Help
Use the blockmap to identify specific groups of nodes to show in the visualizer.
Current Split OnClick Split
[cosenssCenty & T ~ |
Tree Navigation Split Bins

up [10

Color Legend

Selection Path

Fig. 3 Blockmap of 10-node, 20% density undirected network dataset, segmented by closeness centrality
measure
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Fig. 4 Blockmap of 100-node, 20% density undirected network dataset, segmented by closeness
centrality measure
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Fig. 5 Blockmap of 100-node, 20% density undirected network dataset, mouse-over on a partition
representing 20 nodes

to designated categorization rules or discriminative algorithm. Figures 5 and 6
illustrate how a mouse-over can provide additional information about the underlying
portioned group.
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Fig. 6 Blockmap of 100-node, 20% density undirected network dataset, mouse-over on a partition
representing 13 nodes

Of course, to accompany the scale-free benefit of the blockmap, there is some
loss of information—relative to the node-link diagram—that the analyst must be
cognizant of. A blockmap loses dyadic tie information, such as the presence of a tie,
or not, as well as the directionality and the weight of the relationship. However, if
such information is essential to analysis, such information could be captured in the
construction of the blockmap; the information would be presented as an attribute
transformed from the original form.

Blockmap technology is derived from an amalgamation of treemap and heatmap
display schemes. These underlying component parts are the additive building blocks
of the blockmap technology. A thorough understanding of their features can be
applied directly to blockmap technology; these component parts are described in the
next section.

3 Underlying technologies

The Blockmap is conceived and constructed as a combination of two pre-existing
visualization technologies, a treemap and a heatmap, which is applied specifically to
relational, network data. To understand the features of a blockmap it is well-suited
to understand the underlying treemap and heatmap technologies. First, the treemap
is presented, followed by an introduction to the heatmap.
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3.1 Treemap

Treemap technology was inspired by a drive towards presenting data in a two-
dimensional rectangular space (Johnson and Shneiderman 1991). The technology
was initially applied to the mapping of computer disk-storage (Bederson and
Shneiderman 2003). The name freemap originates from transforming a computer-
file directory tree into a planar space-filling map (Shneiderman and Plaisant 1998).

In a treemap, hierarchical data appears as a mosaic image, which is illustrated in
Fig. 7. Figure 7 (Babaria 2001) illuminates the hierarchal aspects of the treemap for
population data for individual states of the United States of America. The hierarchy
is rooted with USA as the country shown at the top of the graphic, and supported by
geographic areas, e.g., West, Rockies, etc., shown immediately below, and finally
the component states for each region beneath.

Figures 8, 9, and 10 (Rouse 2017) collectively illustrate the treemap hierarchical
underpinning coupled with the block-area sizing feature. Each tile in the mosaic
represents a specific datum, such that the two-dimensional area of each individual
tile reflects the relative value, or size, of the underlying datum. This is akin to
various characteristics and features of a pie chart, though presented in rectangular
form; such similarity specifically includes the proportionality aspects of the pie-slice
area relative to the whole. A computational algorithm (Bruls et al. 2000; Cesarano
et al. 2016) computes the relative area for each tile and transforms the 4-sided shape
into length and width dimensions (Kolatch and Weinstein 2001) so that all of the
tiles fit perfectly into a fixed-dimension rectangular, mosaic image.

USA
West Rockies Far Midwest Midwest Central Mid & South North & East
Alaska Montana North Dakota Miuesota Wisconsin Michigan Maine
New Hampshire
Incliana
Idaho
Washington South Dakota Ilinois Vermont
lowa
Ohio
Massachusetts
Wyoming
Oregon Nebraska Kentucky West Virginia Rhods Island
Missouri -
Utah — Connecticut
Virginia
Nevada Kanses Tennessee New York
T North Carolina
New Jersey
Arkansas
California Oklahoma Mississippi South Carolina Pennsylvania
Arizona
Delaware
Georgia
Louisiana
Hawail Texas Alsbana Mayland
New Mexico
Florida
Washington DC

Fig. 7 Example treemap—USA states according to geographic region (Babaria 2001)
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Fig. 8 Example tree structure Tree Diagram
(Rouse 2017) al6
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Fig. 9 Venn diagram
representation of tree structure
shown in Fig. 8

Fig. 10 Treemap representation
of tree structure shown in Fig. 8
(Rouse 2017)
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A potent feature of treemap technology is its interactivity. The treemap is
typically displayed on a computer screen, rather as a static, or printed, display. An
analyst can explore the hierarchy of the data with simultaneously being resented
with the quantitative aspects. Computer mouse-overs are often a feature as well;
these allow for additional information to be presented to the user. These features of
the treemap allow for visual exploration of large datasets without a degradation of
resolution of taking additional display area—a feature adopted by blockmaps.
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The most significant feature of the treemap is its ability to represent large
datasets, which has been demonstrated with as many one million items (Fekete and
Plaisant, 2002a, b). This single feature makes treemaps distinctively relevant to big-
data network researchers, as discussed in the Introduction section above.

3.2 Heatmap

A heatmap shows a data, typically in a mosaic form, where the coloring of each tile
is indicative of an underlying quantitative value for the data represented by the tile.
The special color, sometimes grey shape, is gradient-based so that the viewer can
visually identify areas that are high or low in value, and any shade between. The
origins of the heatmap can be traced to 1873 (Wilkinson and Friendly 2009) and has
recently become somewhat a common method for displaying multitudes of data in a
readily recognizable form. It has wide application in practice and research (Chu
et al. 2012; Friendly, 1994; Lin et al. 2013). The heatmap has extensively been
adopted by the financial markets for displaying stock-related information as Fig. 11
(4-traders.com 2017) illustrates. This heatmap applies treemap technology to the
S&P 500 stock index and classified according to the business sector. The size of
each tile is according to the market capitalization of the specific stock component.

Haatmap S&P 500 % PiceCnangeny Secty W |[1day W

Fig. 11 Example heatmap—Components of the S&P 500 Index according to day’s change (4-
traders.com 2017)
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The green color shaping specifies a rise in the price for the day and its color shading
and intensity indicates the degree of the rise, while the red color-base indicates a
decrease in the price for the day.

4 Blockmap and the big-data network

While the time-honored, node-link diagram remains indispensable to network
analysis, the blockmap ought not be blindly considered a replacement for the node-
link diagram. The blockmap, however, may be an indispensable replacement for the
node-link diagram for exploratory data analysis of big-data networks. The blockmap
is well suited for overcoming size-caused limitations of the graph-link diagram.
Blockmap design characteristics include: efficiency of computer screen display, the
ability to effectively present large networks, and interactive capability. These
features position the blockmap impeccably for big-data network exploration (Frantz
and Carley 2005a, b).

The underpinning of the blockmap is the ease in which nodes in a network
dataset can be clustered into meaningful collections, or subgroups, and displayed as
such. The analysts often discriminates individual nodes into subgroups when
exploring the data at a level above the individual or dyad. Creation of subgroups can
be accomplished by exploring the prospects in a hit-or-miss manner or by way of
computational or statistical methods. Regardless of how the nodes are actually
clustered into groups, the blockmap handles the processing regardless of how the
nodes are discriminated into subgroups.

When examining the results of the grouping process, the analyst may review the
membership of the subgroups and make comparisons across and between the groups
by noticing the area-size of the tile and the color of it. A tile in a blockmap typically
represents a collection of nodes, but conceivably a tiles could, and meaningfully
might, represent a single node, just the same.

Blockmaps have the capability to display both hierarchal (Corominas-Murtra
et al. 2013; Holten 2006; Kules et al. 2003) and categorical information
simultaneously and be worked interactively. Users stipulate node clusters by
specifying categories based on the values of the specific attribute or measure.
Simple grouping could be based on descriptive categorical values, such as by
gender, age, nationality, job rank, and so on. More network-specific categories could
be applied such as the number of an actor’s ties. More intricate categories can be
applied such as node-level social network measures. The user would bin the value
by indicating a numeric range, resulting in bins and grouping the nodes according to
their appropriate bin belonging.

Blockmaps are also effective in the examination of subgroups after the clustering
has been performed. An analyst can transverse the hierarchical tree of groups and
interactively transverse the hierarchy tree. The blockmap will show any corre-
sponding groups and their associated data, via tile area-size, color, and directly via a
mouse-over.
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5 Demonstrative user session

This section presents an example walk-through of a user session, using *ORA-LITE
(*ORA-LITE 2017; Carley et al. 2013) as the software platform host. The
demonstration use-case is designed around exploring a 100-node, 20% density
cellular network (Frantz and Carley 2005a, b). Figure 12 is the example dataset
displayed as a node-link diagram. Within the *ORA-LITE node-link visualization
feature, the blockmap tool is selected from the tools drop-down menu. The user is
presented with a root-level the blockmap canvas, as show in Fig. 13 (alphabetic
labels added for this discussion). This single root-level tile is comprised of all 100
nodes making up the dataset. The *ORA-LITE implementation presents eight entry
fields, or display areas, which include: (A) menu, (B) Current Split dropdown field,
(C) OnClick Split downdown field, (D) Tree Navigation button, (E) Spilt Bins
value, (F) data canvas, (G) Color Legend, and (H) Selection Path. The initial data is
segemented according to the closenessCentrality values of the 100 nodes in the
dataset. This is controlled by the drop-down menu labeled Current Split (Fig. 13
label B).

The blockmap menu (display area A) provides the user with simple high-level
navigation options and an instructive help feature. The Color Legend (display area
G) provides a color legend and minimum and maximum range-setting for the color
legend. The user adjusts the minimum and maximum values according to the
desired granularity of the display colors desired, usually intending to show contrast
among the tiles. Figure 14 shows the change in the display from Fig. 13 when the

Fig. 12 Node-Link diagram of demonstration data consisting of a 100-node, 20% density undirected
network
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Fig. 13 Initial blockmap display of demonstration data—author-added labels overlying original image
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Fig. 14 Blockmap display after user changes legend values
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Color Legend minimum and maximum values are changed to 0.5 and 0.6,
respectively. The mouse-over display feature is activated on the lower-left tile and
illustrated in Fig. 15. The mouse-over window presents selected attributes of the
data comprising the collection of nodes represented by the tile. In this case making
up this tile are 20 nodes, from the root-level population of 100 nodes, with closeness
centrality between 0.54 and 0.55, with a mean value of 0.544.

Next for this demonstration, the user desires to explore the data presented by the
bottom left box, i.e., 20 nodes with closeness centrality of 0.54-0.55. The user
would like to see the drill down of the 20-nodes according to the betweennessCen-
trality measure, so she sets the OnClick Split dropdown field (Fig. 13 label C) to
betweennessCentrality. The OnClick Split dropdown menu presents the same
choices to the user as the Current Split dropdown menu (Fig. 13 label B).

Figure 16 shows the canvas after the user left-clicks the mouse, when held over
the bottom left tile. Figure 17 shows the mouse-over information indicating that the
single block represents the 20 nodes and the betweenness value ranges from 0.0 and
0.1 and that the mean value is 0.0063. The user would like to see more granularity in
this data so she sets the Split Bins field (Fig. 13 label E) to 1000, indicating that the
data being displayed should be split into bins that are based on betweenness
centrality value ranges that are 1/1000 wide. Also, the user sets the Color Legend
(Fig. 13 label G) values to 0.003 and 0.008. Figure 18 shows the result of these
actions. Notice the 20-nodes are split into 4 blocks according to their betweenness
centrality value with each block holding a range of 1/1000. This results in four

+ = Blockmap Window !Elm

File Help

Use the blockmap to identify specific groups of nodes to show in the visualizer.

Current Split OnClick Split
[eesmesoniny ~ [ - |

Tree Navigation Split Bins

Up | [100
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Fig. 15 Blockmap display after user moves mouse over a block
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Fig. 16 Blockmap display after user sets OnClip Split to BetweennessCentralty and left-clicks the
bottom-left block

blocks of nodes and as the mouse over shows the bottom left block represents six
nodes with betweenness centrality of 0.006 to 0.007, with a block mean of 0.00653.
Notice the Selection Path (Fig. 13 label H) display area on the bottom of the
blockmap canvas. This provides the user with the previous (upper part of the tree)
selections that we made, thus leading to the data presently being displayed.

Next in this demonstration, the user wishes to drill down into the six nodes
represented by the bottom-left block. The user sets the OnClick Split dropdown
menu to TotalDegreeCentrality (for example), sets the Split Bins to 10000, and the
Color Legend to 0.17 and 0.21, then left-clicks the bottom-left block. Figure 19
shows the outcome of these field changes. Notice the Selection Path display displays
the path taken, through the hierarchical tree, to reach this point. Figures 20 and 21
show the mouse-overs for the other two blocks to illustrate that the three blocks total
to the prior six nodes (see Fig. 18). Finally for this demonstration, the user wishes to
transverse up the tree and return to the parent block. Figure 22 shows the result of
pressing the Tree Navigation UP button (Fig. 13 label D). Notice that the Selection
Path display no longer shows the betweenness Centrality-0.0060-0.0070 string and
now indicates only the Closeness Centrality = 0.654-0.55 string, reflecting that the
tree has used this criteria to get to the data presently being displayed.

This demonstrative example intends to provide a simple primer for navigating
around the *ORA_LITE implementation of the blockmap. The options and choices
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Fig. 17 Blockmap display after user moves mouse over the unity block

+ » Blockmap Window
File Help
Use the blockmap to identify specific groups of nodes to show in the visualizer.
Current Split OnClick Split

T | oo cres=cenvaiy =]

Tree Navigation Split Bins

Up | [1000

Avg:0.006536780466666666

Color Legend
I 03 0.008

Selection Path
closenessCentrality=0.54-0.55

Fig. 18 Blockmap display after user modifies the SplitBins and the legend values
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Fig. 19 Blockmap display after user modifies the OnClick Split, SplitBins and Legend values, then
clicks mouse on lower-left block

that the user needs to understand and select from are rather few, so user-training
time is limited; however, how the user applies these features is boundless.

6 Summary

Herein, the blockmap is introduced as a tool for exploring large datasets of
relational network data. The technology is a combination of a treemap and heatmap,
specifically applied to network data. The benefits of using a blockmap include being
enabled to meaningfully explore big-data in a physically-fixed work area, in contrast
to a node-link display. The information-loss accompanying the blockmap is limited
to the specific dyads ties between the node; however, if this is a necessary
requirement of the user, the relational links for each node, could be transformed into
an attribute value and treated as any other attribute in the blockmap.

One extension to the blockmap display that would enhance the user experience
would be to provide a tree display to accompany the blockmap display. This
hierarchical tree display feature would draw the data tree that the user is essentially
creating and traversing. Showing a display of the hierarchical tree (Sathiya-
narayanan and Burlutskiy 2015a, b) would require more physical space on a display,
but would significantly reduce the mental accounting that the user must maintain as
the tree is being built and traversed. The Selection Path display in the present
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Fig. 20 Blockmap display after user places mouse over top right block
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Fig. 21 Blockmap display after user places mouse over bottom right block
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Fig. 22 Blockmap display after user clicks the Up button in TreeNavigation area

*ORA-LITE implementation accommodates this need, but a visualization display of
the tree would be beneficial.

As the previous demonstration session indicated, blockmap technology is fully
implemented in *ORA-LITE software; moreover, aspects of the technology are also
implemented in numerous web-based utilities and commercial, statically programs.
The website http://blockmap.net has additional informational links and a browser-
based implementation which freely available. Software developers, especially those
working with network data, are encouraged to develop blockmap technology for
their platforms and programs.
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